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ABSTRACT

This dissertation is comprised of three papers that examine various aspects of financial risk
tolerance and its relationship with risk-taking behavior. Data were collected from diverse sources,
including an experiment, nationally accessible data, and an online survey. The first paper evaluated
patterns of brain waves (i.e., alpha, beta, and gamma) as descriptors of financial risk-taking
behavior using quantitative electroencephalographic (EEG) data. The results indicated that brain
wave activation is not directly associated with the decision to engage in financial risk-taking.
Instead, the findings suggest that an individual’s decision to engage in a risk-taking activity is
more closely related to the person’s financial knowledge, financial experience, and willingness to
take risks. The second study estimated the association between household income and tobacco and
alcohol use while measuring the mediation effect of risk tolerance among mid-life adults using
data from the National Longitudinal Survey of Youth 1979 (U.S. Bureau of Labor Statistics). The
results of the regression and mediation tests indicated that risk tolerance mediates the income effect
on tobacco and alcohol use. Findings from this study show that financial management can serve
as an effective education tool to reduce negative health behaviors. This study provides unique

insight into the interplay between household income and health outcomes, highlighting the



potential benefits of incorporating financial risk tolerance and its management into public health
interventions. The third study aimed to evaluate the effectiveness of different risk tolerance
assessment methods in describing the risk-taking attitudes and behaviors of financial decision-
makers using data collected through online surveys. A series of ordinal regression models
indicated that risk-tolerance scores derived from a scale developed using psychometric principles
offered more accurate insight into a financial decision-makers’ current and future willingness to
take risks and portfolio choices. The findings of this study suggest that if the purpose of a risk-
tolerance assessment is to gain insight into subsequent risk attitudes and investment behavior, a
propensity or stated preference methodology should be considered. Overall, these three studies
provide valuable descriptions of the complex relationships between financial risk tolerance and

risk-taking behavior.

INDEX WORDS:  Financial risk tolerance, Risk-taking behavior, Electroencephalographic
(EEG), Mediator on income effect, Finance and health, Subsequent risk

tolerance, Portfolio choice, Behavioral finance, Household finance.



THREE PAPERS ON FINANCIAL RISK TOLERANCE AND ITS RELATIONSHIPS WITH

RISK-TAKING BEHAVIORS

by

EUN JIN KWAK
B.A., Sookmyung Women’s University, South Korea, 2007

M.S., The City University of New York, College of Staten Island, 2017

A Dissertation Submitted to the Graduate Faculty of The University of Georgia in Partial

Fulfillment of the Requirements for the Degree

DOCTOR OF PHILOSOPHY

ATHENS, GEORGIA

2023



© 2023
Eun Jin Kwak

All Rights Reserved



THREE PAPERS ON FINANCIAL RISK TOLERANCE AND ITS RELATIONSHIPS WITH

RISK-TAKING BEHAVIORS

by

EUN JIN KWAK

Major Professor:  John Grable

Committee: Kristy Archuleta
Kimberly Watkins

Electronic Version Approved:

Ron Walcott
Vice Provost for Graduate Education and Dean of the Graduate School

The University of Georgia
May 2023



TABLE OF CONTENTS
Page
LIST OF TABLES. ... e vii
LISTOF FIGURES. ... e ix
CHAPTER
LINTRODUCTION. .t 1
Statement of the Problem................o 1

Purpose and Justification of the Studies Comprising this Dissertation..................3

Rationale, Significance, and Need for the Studies..................ocooiiiiiiiii .. 5
Description of the Studies. .........oouiiiiiii e 9
001110 oy N 12

2 PAPER 1: ELECTROENCEPHALOGRAPHIC BRAIN WAVE PATTERNS AS

DESCRIPTORS OF FINANCIAL RISK-TAKING BEHAVIOR .............c.ooeealls 14
INErOTUCTION. ... et 14
Statement Of PUIPOSE. ......ouiiniiii i e 16
Background Review....... ..o 17
Research QUeStIONS. ... ..o..iiiii e e 21
MEthOS. ... 22
RESUILS. .. e 31
Discussion and IMpHCationS. .........o.oeiiiii e 37

| 5000V 17:15 (0 1 TR 39



3 PAPER 2: THE ROLE OF RISK TOLERANCE AS A MEDIATOR BETWEEN

HOUSEHOLD INCOME AND TOBACCO AND ALCOHOL USE AMONG

MID-LIFE ADULTS IN THE UNITED STATES. ...
INtrOdUCHION. . ..t
Statement Of PUrpose. ... ..o.oiuii i
Literature ReVIEW.........oiuiti i
Conceptual Model and Research QUESLIONS.............coovviiiiiiiiiiieeia,
MEthOdS. ...
RESUILS. e
Discussion and Implications. ..........veiuiiiiiiiit i e eeeaeas

LA ONS . et e

4 PAPER 3: A COMPARISON OF FINANCIAL RISK TOLERANCE

ASSESSMENT METHODS IN PREDICTING SUBSEQUENT RISK

TOLERANCE AND FUTURE PORTFOLIO CHOICES..............coiiiiieiean
INtrOAUCHION. .. e e
Statement Of PUIPOSE. ......oiniiii e

LIterature REVIEW . . .. ..o e

Discussion and Implications. .........c.oviueiiiiiii i eeeaens
LAMITAtIONS . . ettt

S CONCLUSION ...t



Vi

Key Findings from Each Study............ccoooiiiiiiii e 92
Empirical Contributions. .........ooueiiiiiii i e eee e eaee s 94
IMPIICALIONS. . .t 97

Future Research DIreCtionsS. . .......uuun et eeeeeeeeeennn .. 102
CONCIUSION. ettt e e e e e e 104

REFERENCES . .. e 105



vii

LIST OF TABLES
Page
Table 2.1: Brain Lobe Locations and Functions................ccooiiiiiiiiiiii i, 18
Table 2.2: EEG Frequency Bands............c.ooiiiiiiiii e 19
Table 2.3: Demographic Profile of Study Participants..............ccooiiiiiiiiiiiiiiieeeean, 22
Table 2.4: Risk Tolerance and Personal Characteristics Associated with Engaging in Risk-
TaKING TaSK. ...ttt e e e e 32
Table 2.5: Mean Power Band Alpha, Beta, and Gamma Brain Wave Values by Node.............32
Table 2.6: Mean Power Band Alpha, Beta, and Gamma Brain Wave Values by Group and
NOGE. . . 33
Table 2.7: Statistical Significance in Power Band Wave Values.......................oo 34

Table 2.8: Power Band Alpha, Beta, and Gamma Brain Wave Value by Knowledge, Experience,
Risk Tolerance, and RiSK AVEISION. .. ..ovuuunnntittt ettt et 36
Table 3.1: Descriptive Statistics for Variables Used in the Study................c..coo. 53
Table 3.2: OLS Regression Results Showing Variables Associations with the Tobacco Use.....55
Table 3.3: OLS Regression Results Showing Variables Associations with the Alcohol Use......56

Table 3.4: Mediation Tests of Alcohol/Tobacco Use as a Function of Risk Tolerance in Seven

OIS . oo 58
Table 4.1: Sample and Variable Descriptive StatiStics. ... ....o.vuiveireniiiiriiiiiieiiieiineeenen. 80
Table 4.2: Estimated Associations Between Risk Tolerance Measures Across Periods............ 82

Table 4.3: Regression Showing the Strength of Propensity Scores in Predicting Subsequent

PrOPeNSILY SCOTES. ...ttt e 83



viii
Table 4.4: Stated- and Revealed-Preference Regression Estimates Showing the Strength of

Scores in Predicting SUbSeqUENt SCores..........ovviiiiiiiie e, 84

Table 4.5: Summary of Explanatory Variables Across Measures when Predicting Subsequent

Table 4.6: Relationship of Propensity, Stated-Preference, and Revealed-Preference Scores to

Portfolio Equity HOIAINGS. ......oviieiiiii e e 87



LIST OF FIGURES

Page
Figure 1.1: The Biopsychosocial Causal Model of Risk-Taking Behavior........................... 11
Figure 2.1: Location of Brain LODES.........oooeiiii e 18
Figure 2.2: Three Stages of Experimental Procedure of the Study...................ooeiiiiiinni 24
Figure 2.3: (A) EEG Headset, Emotiv EPOC+, (B) EEG Headset Placement on Scalp............ 26
Figure 2.4: EEG Wave Record Time DOMaIN. ... ....oouiuiiieiiii e 29
Figure 3.1: The Biopsychosocial Causal Model of Risk-Taking Behavior........................... 48

Figure 3.2: Conceptual Illustration of Risk Tolerance as a Mediator between Household Income
and Tobacco and AICONOI Use.........ouiuiiiii e 52
Figure 4.1: Three Primary Risk Tolerance Assessment Methods in the Marketplace............... 67

Figure 5.1: The Multi-Factor Model of Household Risk-Taking Behavior........................... 95



CHAPTER 1

INTRODUCTION

Statement of the Problem

Financial planning is an interdisciplinary field that applies financial strategies and practical
tools to help household financial decision-makers achieve their financial goals by considering
personal characteristics, the financial situation of the household, the socio-economic profile of the
decision-maker’s household, and the legal environment (Warschauer, 2002). Financial planning
researchers study diverse topics, including cash flow and resource allocations, generalized
household financial well-being, marriage and money, and household risk-taking behaviors (Grable

& Chatterjee, 2022).

Of particular importance to those who provide financial planning services as a professional
occupation is the notion of financial risk tolerance (Callan & Johnson, 2002; Chang et al., 2004;
Gibsonetal., 2013; Hannaet al., 2008). Financial risk tolerance is defined as the maximum amount
that a financial decision-maker is willing to risk when the outcome is both uncertainty and
potentially negative! (Grable, 2000). Financial risk tolerance is thought to be directly associated
with risk-taking behavior. Risk-taking behavior is conceptualized as consciously or non-
consciously controlled behavior with a perceived uncertainty about decision outcomes and the

possible costs of outcomes on a financial decision-maker’s physical, financial, and psycho-social

! Another way to conceptualize financial risk tolerance is a financial decision-maker’s “willingness to trade off the
possibility of incurring an almost certain small gain with the potential of making a larger gain with an equally high
potential of losing wealth” (Rabbani and Nobre 2022, p. 139).



well-being (Trimpop, 1994). Many studies in financial planning have illustrated the importance of
financial risk tolerance as an input into generalized financial planning and specified investment
management models. Financial risk tolerance is today considered one of the most significant
factors associated with descriptions of household risk-taking behaviors. Understanding and
measuring the financial risk tolerance of financial decision-makers (referred to as clients [those
serviced by financial planners] throughout this discussion), therefore, is fundamental to providing
financial planning advice and investment management services in an optimal and appropriate
manner. In order to understand a client’s risk tolerance, it is important to analyze and understand
how different factors are associated with financial risk tolerance and financial risk-taking
behaviors. While the existing literature is replete with discussions describing generalized variable
associations, the existing literature tends to be based on relatively homogenous types of data.
Additionally, the methodologies employed to analyze these data tend to be based on traditional
correlational models (i.e., ANOVA and regression). A need exists to expand the methodological
approaches used to illustrate associations between and among variables thought to be related to
the concept of risk tolerance. The next frontier of financial risk-tolerance research will likely focus
on analyzing data collected in various circumstances and situations with advanced statistical
techniques. This type of work is needed to more comprehensively understand the risk tolerance of
financial planning clients as a descriptive process and as a predictive procedure to explain risk-
taking behaviors in the everyday aspect of the lives of clients (Wong & Carducci, 1991; Yao &

Curl, 2011).

The studies described in this dissertation were conceptualized around a theme—applying
advanced data analytical techniques to behavioral data. This application will help financial

planners and other financial advisors: (a) identify key elements of their clients’ financial



situation(s), (b) better understand the financial problems faced by their clients, and (c) optimize
their clients’ goals across diverse financial scenarios. In alignment with Valaskova et al. (2019)
and Roeder et al. (2022), one expected outcome associated with this dissertation is to show how
data-driven solutions can help financial planners and their clients make better decisions when faced
with risky (i.e., uncertain) financial decisions. Additionally, findings from the studies comprising
this dissertation will provide insight into the ways financial planners, other financial advisors, and
household financial decision-makers evaluate financial situations and the financial markets. When
viewed holistically, this dissertation advances the existing financial planning and financial risk-
tolerance literature by describing the pathways to improve the way risk tolerance is evaluated and
used in financial planning models. Although researchers have acknowledged the importance of
diversifying data sources and methodological approaches to better understand clients’ attitudes,
behaviors, and the relationships between these two, very few studies have moved in this direction.
This dissertation fills this gap in the literature by examining diverse data in financial planning (e.g.,
data from panel surveys and experimental data) as these data relate to household financial risk-

taking behaviors.

Purpose and Justification of the Studies Comprising this Dissertation

The purpose of this dissertation is to evaluate how a financial decision-maker’s financial
risk tolerance and their personal characteristics are associated with risk-taking behaviors such as
gambling, health risk-taking, and portfolio choice. The dissertation advanced the existing financial
planning and risk-tolerance literature by illustrating how various data sources (e.g., experimental
data, nationally representative public data, and panel survey data) provide greater insight into the
ways financial decision-makers incorporate their willingness to take a risk into daily risk-taking

behavior(s).



The dissertation is structured around the presentation of three empirical studies. The first
paper, entitled “Electroencephalographic Brain Wave Patterns as Descriptors of Financial Risk-
Taking Behavior,” investigates whether brain activation is directly associated with the choice to
engage in financial risk-taking behavior. The study examined experimental data collected in the
Financial Planning Performance Lab at the University of Georgia. Data utilized a combination of
direct survey inputs, measures from an electroencephalography (EEG) device, and engagement in

a “real” risk-taking scenario.

The second paper, “The Role of Risk Tolerance as a Mediator between Household Income
and Tobacco and Alcohol Use Among Mid-Life Adults in the United States,” examines the
relationship between household income and tobacco and alcohol use as mediated by risk tolerance.

This study utilized data from the National Longitudinal Survey of Youth 1979.

The third paper, “A Comparison of Financial Risk-Tolerance Assessment Methods in
Predicting Subsequent Risk-Tolerance and Future Portfolio Choices,” investigates the relationship
between the primary assessment methods used by financial planners to measure their clients’
financial risk tolerance and future portfolio allocation choices. In addition, this paper will identify
differences and similarities across three measures of risk-tolerance assessment in predicting the
subsequent financial risk tolerance and risk-taking behaviors of household financial decision-
makers. Data for this study employed survey data from a panel study conducted at the University

of Georgia in 2020 and 2021.

In addition to the dissertation outcomes already discussed, this dissertation aims to fill three
unique gaps in the existing financial planning and financial-risk tolerance literature. First, few

studies have tested whether self-assessed financial risk tolerance, related personal characteristics,



and brain wave activation correlate with the engagement in risk-taking behaviors. The first paper
examined the relationship among these elements (e.g., financial risk tolerance, personal
characteristics, and brain wave activation) to address the question of whether brain wave activation
is a precursor to risk-taking behavior. Second, few studies examining the mediation effect of risk
tolerance on the association between household income and health-related risk-taking behaviors,
such as smoking and drinking behavior, exist. The second paper shows how risk tolerance—
measured across seven domains of risk tolerance—can mediate the income effect on tobacco and
alcohol. The paper addresses the question of whether risk tolerance dampens or extenuates a
decision-maker’s risk-taking in the context of risk capacity factors. Third, almost all financial risk-
tolerance studies, in the context of financial planning, tend to be cross-sectional in nature. To the
author’s knowledge, no financial risk tolerance panel data exist. The third study was designed to
address this gap in the literature by empirically identifying the predictive power of risk-tolerance
assessment methodologies in explaining subsequent-period portfolio choices. The paper provides
evidence to answer the question of whether financial risk tolerance can predict the future financial

risk tolerance and future portfolio choice behaviors of household financial decision-makers.

Rationale, Significance, and Need for the Studies

The following discussion highlights the rationale and anticipated significance of the three

studies included in this dissertation.

Individual financial decision-makers sometimes deviate from optimal behaviors, which can
worsen their financial situations (Baker & Nofsinger, 2010; Sadi et al., 2011). The causes of these
deviations are hard to identify, but there is some consensus among researchers about the influence

of some factors. Some researchers, for example, have examined the role of cognitive appraisals



(and other psycho-social characteristics) in describing financial decision-making and risk-taking
behaviors (e.g., Camerer et al., 2005; Eberhardt et al., 2019; Loewenstein et al., 2001; Rasheed &
Siddiqui, 2018). Among the handful of studies that have directly assessed associations between
cognitive appraisals and risk-taking, nearly all show a positive association between brain activation
and behavior (Martos, 2021). It is worth noting, however, that very few previous studies have
tested the direct association between brain wave activation and subsequent financial risk-taking
behavior. Most studies that mention this possible association were based on brain scans of
decision-makers who are presented with hypothetical scenarios and then asked to solve problems

rather than the presence of real dollar incentives.

Additionally, no study, to the author’s knowledge, has attempted to evaluate whether neural
activations/movements are linked to financial decision-making and financial risk-taking
behavior(s). This line of research, however, is important in the context of financial planning
practice. Financial planners acknowledge that differences between and among clients exist.
Existing literature that shows factors like income, wealth, education, and gender explain, to some
degree, differences in risk tolerance and risk-taking. However, the degree of explained variance in
traditionally designed models (i.e., those that use measurable demographic and socioeconomic
personal and household characteristics as descriptors of risk attitudes and behaviors) tends to be
low (i.e., less than 50%). The missing variance may come from factors not easily identified or
measured traditionally (i.e., via observation, through a survey, etc.). It is hypothesized in this
dissertation that brain activation may be a significant explanatory factor in models of risk tolerance
and risk taking. Although collecting brain wave data and applying it to financial planning can be
a challenging task, financial planners and other financial advisors need this type of research and

outcome resources to gain a better understanding of their clients’ situations. This enables them to


https://www.sciencedirect.com/science/article/pii/S0896627305006574#bib5
https://www.sciencedirect.com/science/article/pii/S0896627305006574#bib22

identify the factors that influence a client’s decision-making from taking the needed financial risk
and implementing recommendations that can improve the client’s financial well-being. The first

paper in the dissertation addresses this need in the literature.

Physical health and financial problems are often intricately linked (Carr et al., 2015). The
risk of falling into poor physical health, losing the ability to earn household income because of
physical health issues, becoming widowed, or incurring high health care costs resulting from
chronic disease, are examples of situations faced in the daily life of millions of individuals. While
some health outcomes result from random events or unanticipated physical or mental health shocks,
some health outcomes result from engaging in systematic behaviors. For example, some people
maintain their weight through healthy eating and exercising. Others risk their physical health by
smoking and drinking alcohol to excess. Smoking and drinking alcohol (i.e., drinking) are two
well-known health risk behaviors that are known to result in significant later-life financial
problems (Manning et al., 2013; Noble et al., 2015; Worthy et al., 2010). Negative outcomes tend
to arise because smokers and drinkers substitute current income and wealth from savings towards
current consumption, which then reduces later-life financial capacity. Smokers and drinkers also
incur more health-related expenses, including increased insurance premiums and greater

unreimbursed out-of-pocket medical expenses.

Many researchers have examined the direct or one-dimensional relationship between one’s
financial situation (e.g., household income) and health risk behaviors (e.g., tobacco and alcohol
use) within households. However, little is known about the indirect relationship that can occur
when a mediator variable is present between household income and health risk behaviors. Some
tangential evidence exists suggesting that financial risk tolerance may be such a mediator (e.g.,

risk tolerance is closely related to household income and the engagement in sensation-seeking



behavior; Rabbani et al., 2020). The second paper in this dissertation will add to the body of
literature by testing the mediation effect of financial risk tolerance in describing the association
between household income and smoking and drinking behavior. The second paper hypothesizes
that financial risk tolerance, as a mediator, will exhibit a mediation effect on the relationship
between household income and health risk behaviors. If the data support this hypothesis, financial
planners, researchers, and policymakers can utilize the information presented in the paper to help
current smokers and drinkers continue with their behaviors, reduce behaviors, or stop smoking and
drinking behavior to improve their financial health outcomes. Risk tolerance may be a missing link

in describing a pathway to better health behavior and outcomes.

Much of the existing financial planning literature shows that financial risk tolerance is one
of the central factors in explaining and determining wealth accumulation over the lifespan (Droms
& Strauss, 2003; Guillemette et al., 2012). The relationship between financial risk tolerance and
wealth accumulation exists primarily because risk tolerance is an important input into investment
planning and portfolio allocation models? . Those who are willing to take more risk are more likely
to accumulate more wealth by earning higher returns. Those who seek financial security forfeit
higher returns and thus accumulate less lifetime wealth (Hanna et al., 2008. Assessing and
measuring financial risk tolerance, therefore, is one of the first data-gathering steps in the financial
planning process. In the marketplace today, there are three primary financial risk-tolerance
assessment methods used by financial planners, financial advisors, or researchers in practice (i.e.,

propensity measures, stated-preference measures, and revealed-preference tests). While many

2 According to the regulatory guideline, financial planners are required to assess a client’s financial risk tolerance
before making recommendations or providing financial advices (Financial Industry Regulatory Authority, 2022).



researchers have examined each assessment method in relation to portfolio allocation decision,
almost all previous studies have assessed variable associations in isolation (i.e., studies describe
associations using one assessment tool rather than the three commonly used assessment tools).
Little is known about which risk-tolerance assessment method predicts the subsequent risk
tolerance level most accurately.® Stated another way, the literature is fairly silent in describing the
predictive validity of commonly used risk-tolerance assessment methods. Understanding
predictive validity is important because financial planning should consider each client’s lifecycle
stage and time horizon. These factors shape how a client needs to be saving and investing to reach
their financial goals over the course of their life (Booth, 2004; Hong & Hanna, 2014). A better
understanding of the advantages and disadvantages associated with various assessment techniques
helps financial planners make reliable and valid professional judgments and choose appropriate
analytical approaches to develop or adjust a client’s investment portfolio and financial plan. The

third paper presented in this dissertation addresses this gap in the literature.

Description of the Studies

The following discussion presents a summary of each paper’s research questions,

hypotheses, and the data analysis techniques.

3 Despite the general consensus being that multi-dimensional time horizon is a critical aspect in describing the
outcomes associated with financial planning, less is known about the relationship between the level of financial risk
tolerance and portfolio choice over time. Understanding how a client’s financial risk tolerance may change over time
can help financial planners and other financial advisors craft optimal recommendations that match a client’s time
horizon. In addition, recognizing the relationship between the level of financial risk tolerance and portfolio allocation
choices across time can help inform the type of recommendations a financial planner makes when the goal of advice
is to lead the client in a better direction for investment planning in terms of a consistent financial risk attitude.
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Paper One

The first paper addresses the following research questions using descriptive statistics,

bivariate statistics, and non-parametric association tests (i.e., Mann-Whitney U and median tests):

RQi1. Do measures of self-assessed financial risk-tolerance/aversion and other personal

characteristics correlate with engagement in risk-taking behavior?

RQ:2. Can alpha, beta, and gamma waves be used to describe who is more or less likely to

engage in a financial risk-taking activity?

Paper Two

The second paper evaluates the mediation effect of risk tolerance on the relationship
between household income and tobacco and alcohol use. Figure 1.1 illustrates the
conceptualization of the second paper. The conceptualization is based on a risk-taking model
originally proposed by Irwin and Millstein (1986) and the concept of social vulnerability proposed
by Ross and Wu (1995). The framework suggests that a number of factors act jointly to increase
the probability that a person will engage in risk-taking behavior. These factors can be classified as
predisposing endogenous (e.g., age, gender, etc.), predisposing exogenous (e.g., household
income), and precipitating (e.g., psychological, social/environmental). Endogenous factors are
characteristics unique to a person, while exogenous factors are behavioral influences that arise
from outside sources. Precipitating factors refer to conditions that directly or indirectly impact

behavior.
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Predisposing Factors Precipitating Factors Risk Taking Behavior

Figure 1.1 The Biopsychosocial Causal Model of Risk-Taking Behavior (Irwin & Millstein,

1986; Ross & Wu, 1995).

The following research questions were assessed in this paper:

RQa1. The relationship between household income and tobacco use is negative.

RQ2. The relationship between household income and alcohol use is positive.

RQs. The relationship between household income and tobacco use is mediated by risk
tolerance (in seven domains: driving, financial matters, occupational, health, faith in people,

romantic relationships, and major life change).

RQa. The relationship between household income and alcohol use is mediated by risk
tolerance (in seven domains: driving, financial matters, occupational, health, faith in people,

romantic relationships, and major life change).

The research questions were evaluated using a series of ordinary least squares regression

analyses, a series of Sobel tests, and a sensitivity analysis.

Paper Three

The following research questions were examined in the third paper:
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RQ:1. How stable is risk tolerance across periods?

RQ2. What factors can be used to predict the subsequent risk tolerance of a financial

decision-maker?

RQs. Which type of risk-tolerance assessment method offers the best prediction power

when identifying subsequent portfolio choices?

After analyzing descriptive statistics to portray the sample, the first research question was
addressed using a non-parametric correlation analysis to check associations among the risk-
tolerance measures across periods. A series of ordinal regression models were conducted to answer

the second and third research questions.

Summary

The purpose of this dissertation is to add to the existing literature in financial planning and
financial risk-tolerance assessment by describing the relationships between financial risk tolerance
and risk-taking behaviors such as gambling, tobacco and alcohol use, and portfolio allocation
choices, controlling for personal and household characteristics. A unique contribution of this
dissertation is the application of different data analysis techniques using a variety of data (i.e.,
panel data, experimental data, and nationally generalizable survey data). Findings from the three
papers comprising this dissertation can be used by financial planners and other financial advisors,
researchers, and policymakers when the goal is to improve households’ financial well-being
through appropriate behavior that matches a financial decision-maker’s willingness to take risk.
This dissertation adds to the literature by illustrating the importance of risk tolerance in describing,

explaining, and predicting risk-taking behaviors in household finance and health domains. This
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dissertation describes the dynamics of risk-taking in a variety of situations that can assist financial

planners (and other financial advisors) making better recommendations to a client.

In summary, this dissertation assumes that financial planners and others providing financial
advice to household financial decision-makers will learn and see various cases and studies to
understand their clients’ situations better. Financial planners operate in a complicated world, as do
their clients. This dissertation presents a variety of ways to understand the relationship between
financial risk tolerance and risk-taking behaviors, emphasizing the importance of financial risk

tolerance in financial planning.

The remainder of this dissertation is presented as follows. First, each of the three papers is
presented as a separate chapter as each is expected to be submitted to a journal in the future. Second,
findings from the three studies are summarized in the final chapter. The purpose of the summary
is to provide a unified series of outcomes that can be applied by financial planners, researchers,

and policymakers. The dissertation concludes with notes and a combined reference list.
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CHAPTER 2
ELECTROENCEPHALOGRAPHIC BRAIN WAVE PATTERNS AS DESCRIPTORS OF
FINANCIAL RISK-TAKING BEHAVIOR

Introduction
Imagine that two people walk into an investment advisor’s office. In nearly all respects,
these two individuals share common demographic and socioeconomic characteristics. As an
example, both are of similar age and are well-educated. Now assume both individuals enter the
financial advisor’s office with a monetary endowment. This might be in the form of savings, an
inheritance, or a gift from a relative. What happens when each person is presented with an
opportunity to make a financial choice in which the outcome is uncertain and potentially negative
(e.g., investing in an initial public offering)? Three possibilities exist. First, both could choose to
participate in the risky activity. Second, both could opt out of the decision scenario, or third, one

could elect to take the risk while the other chooses not to participate.

The choice to participate in what is, as with this example, essentially a gamble has been
extensively evaluated in the literature (Charness et al., 2013). Explanations of why two otherwise
similar individuals might make different choices that entail risk have traditionally been explained
using either economics or a psychological lens. Someone trained as an economist would likely
view the scenario as a simple risk-taking choice and then conclude that each person’s choice to
participate is tied to their risk preference (Mata et al., 2018). In this sense, risk preference describes
the degree of variance in returns someone is willing to accept. From an economics perspective, the

decision choice is associated with each person’s effort to maximize utility in the context of
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financial constraints. Someone with psychological training would likely view the scenario a bit
differently. Instead of assuming that each person’s choice is linked to the goal of maximizing
utility, a psychologist might argue that cognitive, attitudinal, and trait-like factors are the primary
determinants underlying the choice. In this regard, the choice to engage in a risk-taking behavior
is seen as only remotely associated with the decision-maker’s financial capacity to engage in the
behavior. Of course, elements from each argument, in all likelihood, help describe differences in
choice decisions (Kahneman & Tversky, 1979). For example, it is possible that certain behavioral

biases and cognitions are at play when a decision is made (e.g., the endowment effect?).

A third complementary explanation that some researchers use to describe choice decisions
involving financial risk is essentially a neural one (Chen & Wallraven, 2017; Mata et al., 2018;
Studer et al., 2013). As Rudorf et al. (2012) noted, risk preferences may reflect neural correlates
of risk. Although not extensive, the extant literature shows risk preferences and risk choices appear
to be associated with brain activation responses, with those willing to take risks exhibiting different
prefrontal, temporal, and parietal brain patterns compared to those who present risk aversion
tendencies (Gianotti et al., 2009). Rudorf and associates (2012) noted that anticipation of risk is
also associated with changes in specific brain regions. Specifically, those who are risk averse—
unwilling to take the risk—show strong ventral striatum and anterior insula (both of which are
located deep in the brain) responses compared to risk seekers. Based on an analysis of

neuroimaging scans, Rudorf et al. noted that neural activation associated with increased

4 The endowment effect is the observation that people seem to attach additional value to things they own than what
they do not own (Kahneman et al., 1990; Knetsch, 1989; Thaler, 1980).
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anticipation reflects risk aversion. In other words, risk-averse people exhibit different brain than

risk seekers.

Statement of Purpose

Much of the research that has explored the relationship between brain activation and risk-
taking behavior has used neuroimaging technologies, primarily event-related functional magnetic
resonance imaging (fMRI). While neuroimaging techniques are quite effective in (a) identifying
brain activation, (b) mapping brain functioning, and (c) acquiring data about a person’s executive,
cognitive, and emotional functions (Blume & Paavola, 2011), this approach does suffer from
disadvantages, most of which are logistical. fMRI procedures require a study participant to sit or
lay still in a relatively small tube. Nusslock et al. (2015) suggested that laying in a small tube
causes brain activation related to claustrophobia and associated stressors. Additionally, fMRI
techniques can generate skewed data if a subject exhibit significant muscle-related episode.
Finally, data collection tends to be lagged, particularly concerning hemodynamic responses. A
simpler, more cost-effective technique—quantitative electroencephalography (EEG)—exists.
EEG assessment techniques are widely used in clinical situations when a researcher or clinician is
resource-constrained, or in situations where a study participant may be asked to engage in
movement or muscle-related behavior. Additionally, EEG techniques are non-invasive and fast.
Compared to fMRI, EEG allows data to be collected more efficiently and at a quicker rate (e.g., in
milliseconds versus seconds of time; Nusslock et al., 2015). A limitation associated with EEG is

that the technique does not offer a high-quality spatial resolution.

This study was designed to evaluate brain wave patterns as descriptors of financial risk-

taking behavior using quantitative EEG. The study was set up as a quasi-experimental study to
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compare groups that were asked to make choices on a risk-taking task. The study did not utilize a
randomized controlled trial methodology (Maciejewski, 2020). Specifically, this study was
conceived as a way to assess brain wave patterns among healthy adults who were asked to (a)
answer a series of financial risk-tolerance, risk aversion, risk taking, and personal characteristic
questions using a computerized survey and (b) engage in a financial risk-taking game of chance.
This study aimed to obtain exploratory data to provide insights as to whether engagement in a risk-
taking choice scenario and risk-taking task is associated with alpha, beta, and gamma brain wave

activation.

Background Review

Risk-taking is a common feature of human behavior. Risk-taking involves a complex
cognitive process of evaluating options and making choices based on available information
(Kohler, 1996). According to cognitive control theory, brain activity plays a key role in cognitive
control and behavioral outcomes (Braver & Barch, 2002; Gonzalez-Prendes & Resko, 2012;
Hammond & Summers, 1972; Zelazo & Anderson, 2013).

The relationship between neural mechanisms and risk-taking behaviors has been studied
extensively in neuroscience, psychophysiology, and across a variety of biobehavioral sciences
(Gratton et al., 2017). A number of researchers (e.g., Christopoulos et al., 2009; Fecteau et al.,
2007; Krawczyk, 2002) have reported that individuals with high (low) levels of alpha (gamma)
activity are more likely to engage in risk-taking behaviors. Cavanagh et al. (2010) noted that
individuals who exhibit high alpha waves are more likely to make risky decisions in a gambling
task. Numerous studies also show risk-taking behaviors are associated with certain brain lobes.
Kuhnen and Knutson (2005), for example, claimed that the frontal cortex is less active when

individuals take more risky behaviors. In contrast, Moser and associates (2008) argued that brain
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activity, measured as EEG waves, is particularly strong in the frontal and temporal regions of the
brain when taking risky behaviors.

EEG recordings have captured brain wave activities in clinical settings since 1924 (Roohi-
Azizi et al.,, 2017). EEG methodologies rely on scalp-recorded electroencephalographic
oscillations, which are generated by the summation of inhibitory and excitatory postsynaptic
potentials across thousands of cortical pyramidal neurons (Nusslock et al., 2015). Electrodes
placed on the scalp, with each electrode corresponding to a specific brain lobe, have been shown
to effectively measure these potentials. Figure 2.1 illustrates the primary location of brain lobes.

Table 2.1 shows the relationship between each brain lobe and specific tasks and functions.

Frontal Lobes

Motor cortex

Left Temporal Lobes Right Temporal Lobes

Left Parietal Lobes Right Parietal Lobes
Occipital Lobes

Figure 2.1. Location of Brain Lobes

Table 2.1. Brain Lobe Locations and Functions

Lobe Location Function

Frontal lobes Thinking, planning, memory, social awareness, and mood control.
Motor cortex Volitional movement.

Left temporal lobes Verbal memory, word recognition, reading, and emotion.

Right temporal lobes Facial recognition, social cues, and object recognition.

Left/Right parietal lobes Sensation and perception.
Occipital lobes Visual perception.
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Based on spectral analyses, EEG data is typically converted into frequency bands, which
are measured as the number of pulses per second or Hertz (Roohi-Azizi et al., 2017). These bands
are sometimes referred to as brain waves. Within the neuro- and psycho-physiological research
community, five brain waves are typically assessed and evaluated: alpha, beta (low- and high-beta),
theta, gamma, and delta. Independently and mutually, these brain waves have been found to be
useful in describing human behavior in relation to specific tasks. Table 2.2 summarizes the
characteristics of the five frequency bands (see Aminoff, 2012; Kropotov, 2009; Neumann et al.,
2016; Nusslock et al., 2015; Rowan & Tolunsky, 2003). A key element associated with the
frequency bands shown in Table 2.2 is the frequency range associated with each type of wave. For
example, alpha waves are generally observed within a tight frequency range of 8 Hz to 13 Hz,

whereas gamma waves are observed in a wider frequency range from 30 Hz to 100 Hz.

Table 2.2. EEG Frequency Bands

Frequency Band Frequency Related Activity

Range
Low frequency  Delta 0Hz-4Hz Associated with dreamless sleep, most often
Waves observed in infants and young children;

sometimes associated with unconscious
body functions.

Theta 4 Hz -8 Hz Associated with deep meditation.

Alpha 8Hz- 13 Hz Related to feelings of relaxation; alpha
waves are most pronounced when someone
is transitioning from conscious thinking to a
state of unconsciousness.

High frequency = Low Beta 13 Hz-16Hz Generally observed during periods of
Waves concentration and when someone is engaged
in mild performing tasks.

High Beta 16Hz-30Hz Associated with feelings of stress and
anxiety; observed when someone is engaged
in high energy performance tasks.

Gamma 30Hz-100Hz Related to conscious perception and
cognitive tasks.
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Although each band is present, and can be measured, at all times across brain lobes,
different bands dominate prior to and during specific tasks (Demos, 2005; Thatcher, 2016; Van
Cott & Brenner, 1998). As illustrated in Table 2.2, brain waves can be classified as either low or
high frequency. Low frequency bands (i.e., alpha, theta, and delta) are most pronounced during
rest, meditation, and sleep. High frequency bands (i.e., low and high beta and gamma) are activated
during periods of energy use, concentration, and mental processing (Balaz et al., 2006; Basar-
Eroglu et al., 1996; Bertrand & Tallon-Baudry, 2000; Pulvermiller et al., 1997; Steriade, 2006;
Thatcher, 2016; Vanderwolf, 2000). When evaluating brainwave activity, greater EEG values

suggest increased brainwave activation.

The placement of scalp electrodes generally follows the International 10-20 system (Bastos
et al., 2016; Roohi-Azizi et al., 2017). Under the International 10-20 system, odd-numbered
electrodes refer to the left-brain regions, whereas even-numbered electrodes represent right-brain
regions. Using spectral analyses and high-pass, low-pass, and notch filters, it is possible to isolate
brain wave activity by millisecond (Bastos et al., 2016). In this study, brain wave data were
transformed to power spectral densities (PSD) that were calculated using the following functions

(see Jebelli et al., 2018):
§=15;(0),5(t=1),5@=2),..,5(=T—-1)]i=1,..,N (2.1)

where T is number of data set instants with ith epoch. A covariance matrix of the vectorized form

of the ith epoch [s; = vec (S;)] is

Ri(T) =E [(Si — ‘Lli)(Si — ,U.i)T], i= 1, very N and = O, very T-1 (22)
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where y;is the mean value of the ith epoch. The power spectral density matrix p;(w) of the ith

epoch signal at any frequency w as the autocorrelation function is

P;(w) = Y,eJ®*R;(1),i=1, .., N (2.3)

The resulting dimension was puV? for the power and uV?/Hz for the power spectral density.
The brain waves’ power is measured by the product of 10 and the log of the micro-voltage (uLV?)

squared divided by voltage fluctuations (Hz).

Log Power Spectral Density (PSD) = 10*log (uV?%/Hz) (2.4)

Specifically, frequency data were measured as Hz elicited in the frontal, parietal, and
temporal lobes. The V2 were then divided by frequencies to estimate PSD in a format normalized
with the log (E Rawls, et al., 2021; Jebelli et al., 2016, 2018; VVecchio, 2021). When measured this
way, PSD indicates the strength of brain wave variation as a function of frequency. These

transformed data were referred to as power bands in this study.

Research Questions

In the context of this study, the EEG measurement technique provides a direct estimation
of brain response, or an event-related potential (ERP), resulting from the cognitive evaluation of
and participation in a risk-taking task. Using EEG signal data obtained noninvasively and through

spectral analyses, the following research questions were addressed in this study:

RQ1. Do measures of self-assessed financial risk-tolerance/aversion and other personal

characteristics correlate with engagement in risk-taking behavior?
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RQ:. Can alpha, beta, and gamma waves be used to describe who is more or less likely to

engage in a financial risk-taking activity?

Methods

Sample and Procedure

Prior to beginning the study, approval for the methodology was received from the
University of Georgia Institutional Review Board (Ethics Ref: PROJECT00001110). Ten
individuals (five female and five male) voluntarily participated in the study. The participants were
recruited from the university community. Although the number of participants was relatively small,
the amount of data collected was large. Data were collected by the millisecond (i.e., 60,000 data
points in one minute) over approximately 20 minutes per participants. This resulted in

approximately 12 million data points for use in the analyses.

The mean age of study participants was 31 years (SD = 8.59 years). The demographic
profile of study participants is shown in Table 2.3. Study participants were relatively young and
well educated, but in other respects, diverse in sex, race/ethnicity, relationship status, employment
status, housing situation, and income (i.e., household income was measured on a six-point scale

ranging from 1 = less than $20,001 to 6 = Above $100,000).

Table 2.3. Demographic Profile of Study Participants

Variable Percentage M (SD)
Sex
Male 50%
Female 50%
Age 31.00 (8.59)
Race/Ethnicity
Caucasian/White 20%

African American/Black 20%
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Asian 50%
Multi-racial 10%
Relationship Status
Living with Significant Other 30%
Single 70%
Employment Status
Part-Time 40%
Full-Time 20%
Not Employed 20%
Student 20%
Housing Situation
Own Home 20%
Rent 70%
Live with Relative 10%
Household Income
Less than $20,001 40%
20,001 to $30,000 10%
30,001 to $40,000 10%
$40,001 to $50,000 10%
$50,001 to $60,000 10%
$70,001 to $80,000 20%
Above $100,000
Education
Some College/Trade/Vocational Training 20%
Bachelor’s Degree 10%
Graduate/Professional Degree 70%

As shown in Figure 2.2, the study was conducted in three stages: (1) the completion of an
online survey that includes questions eliciting each study participant’s willingness to take financial
risk and other participant characteristics; (2) a choice dilemma after receiving a monetary
endowment; and (3) the engagement in a financial risk-taking task. Specifically, study participants
individually were welcomed to the research lab. Each participant was fitted with an EEG
measurement device (described below). After baseline EEG data were obtained, each participant
was then asked to complete the online survey. The survey process took approximately 15 minutes.

Once the survey was finished, the participant was compensated with a $25 gift card. The
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participant then engaged in a brief discussion about risk-taking and wagering.> The discussion

occurred in full sight of a Las Vegas-style gaming table.®

> Online Survey >> Choice Dilemma >> Fl'lr']:I?iﬂSITF;;ik- >

Figure 2.2. Three Stages of Experimental Procedure of the Study

This was followed by an invitation for the study participant to make a wager in an attempt

to double their $25 endowment. The following statement was read:

“At this point, you may leave the study, or you may wager your $25 and possibly leave

with a total of $50 ... If you do decide to make the wager, you may lose the $25.”

The wager involves engaging in a dice game where, in order to win, the participant was required
to roll two dice (similar to a real craps game). To double their $25 endowment, the participant was
told that they must roll a 5, 6, 8, or 9. The participant was told that if they rolled any other numbers,
they would lose the amount of their wager. After a participant made a choice to engage in the risk-

taking task, the following statement was read:

“Before you roll [or leave], I would like to share the actual or true odds with you. The odds
of rolling a 5, 6, 8, or 9 is 50% or 1 out of 2. Now that you know the true odds, would you

like to change your wager?”

5 To ensure consistency across cases, the author will meet with each study participant and conduct the experiment.
& This element of the study will be introduced as a way to make the decision-making process as realistic as possible.
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Those who opted into the wager and rolled a winning number received another $25. They
were then asked to sign a receipt, at which time participation was concluded. If a study participant
lost the wager, they were given an opportunity to draw a colored ball from an opaque jar. The
participant was told that the jar consisted of balls of two different colors (blue and white). The
participant was then told that if they selected a “blue” ball, they would win back their original
wager plus an additional $25. The game was manipulated so that each participant was guaranteed
to select a winning ball. The same ball choice game was offered to those who elected not to
participate in the risk-taking game. Although participants did not know it at the time of the study,
they were guaranteed to receive $50 regardless of their risk-taking choice. EEG data were collected

from each participant throughout the study process.

Equipment

An Emotiv EPOC+® EEG commercial gaming device (Figure 2.3) was used to gather brain
wave data. This wireless EEG system is an effective tool in the measurement of ERPs, offering
researchers a valid and reliable way to estimate brain wave data (Badcock et al., 2013). The headset
measures alpha, beta, gamma, delta, and theta brain waves using a 16-point monopolar montage.
The Emotiv EPOC+® EEG device provides a non-intrusive way to gather EEG signals. The device
measures a person’s brain waves via voltage fluctuations (i.e., Hz; Sanei & Chambers, 2013). The
device uses 16 electrodes, with 14 that measure frequencies of voltage fluctuations from 14

locations on the scalp and two reference nodes (See Figure 2.1 and Figure 2.3).’

"In concordance with Badcock et al. (2013), one mastoid sensor will be used as a ground reference point for use as a
comparison point. The other mastoid will be used as a feed-forward reference that reduces external electrical
interference. As outlined by Badcock (p. 3), “The signals from the other 14 scalp sites (channels) were high-pass
filtered with a 0.16 Hz cut-off, pre-amplified and low-pass filtered at an 83 Hz cut-off. The analog signals were then
digitized [sic] at 2048 Hz. The digitized [sic] signal was filtered using a 5"-order since notch filter (50—60 Hz), low-
pass filtered, and down-sampled to 128 Hz ... The effective bandwidth was 0.16—43 Hz.”
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(A) (B)

Figure 2.3. (A) EEG Headset, Emotiv EPOC+, (B) EEG Headset Placement on Scalp (Note.
Illustration adapted from Emotiv, 2022 (https://www.emotiv.com). In the public domain).

Similar to Heo (2019), in this study, brain waves from the following brain regions were
measured and analyzed: left- and right-temporal, left- and right parietal, and left- and right frontal
lobes. Brain waves in the parietal lobes were measured at P7 and P8. Waves in the left temporal
lobes were measured at T7, whereas those in the right temporal lobes were measured at T8. Frontal

lobe brain waves were measured at FC5 and FCB6.

Survey

The online survey was comprised of questions designed to reveal the following study
participant characteristics. These questions were used to obtain data for use of control variables in
the study. Mood was assessed by asking, “How would you describe your current mood?” A 10-
point scale was used with 1 = bad mood and 10 = good mood. Gambling preference was measured
by adapting the following questions from Blais and Weber (2006): “How likely is it that you would
bet a day’s income at a casino?” and “How likely 1is it that you would bet a day’s income at the
horse races?” Both questions were used the following 10-point scale to measure participant
responses: 1 = extremely unlikely and 10 = extremely likely. Financial satisfaction was measured

by asking, “How satisfied are you with your present overall financial situation?” A 10-level
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response choice was offered with 1 = lowest level and 10 = highest level. Subjective financial
knowledge was assessed by asking, “How knowledgeable are you about personal finance issues?”
A 10-point scale, with 1 = not knowledgeable at all and 10 = extremely knowledgeable, was used
by participants to indicate their perceived knowledge. Knowledge about casino games was used
on the same 10-point scale with the following question: “How knowledgeable are you about casino
games?” Financial experience was measured by asking, “How much experience do you have
making financial decisions?” A 10-level response scale was used with 1 = none at all and 10 = a

great deal.

Study participants were also asked several risk-related questions. Self-assessed willingness
to take risks was evaluated by asking each participant to “Rate yourself as a financial risk-taker”
on a 10-step scale with 1 = much lower and 10 = much higher. The stated risk preference of each
participant was measured with the following single-item question from the Survey of Consumer

Finances (SCF) which reads as:

“Which of the following statements comes closest to the amount of financial risk that you

are willing to take when you save or make investments?

Four answer choices were provided: (a) Take substantial financial risk expecting to earn substantial
returns (coded 4); (b) Take above-average financial risks expecting to earn above-average returns
(coded 3); (c) Take average financial risks expecting to earn average returns (coded 2); and (d) not
willing to take any financial risks (coded 1). Financial risk tolerance was measured with the 13-
item Grable and Lytton (1999) propensity measure. Scores on the scale can range from 13 to 47,
with lower scores indicating lower tolerance for risk and higher scores indicating greater tolerance

for risk. This measure of risk tolerance has been shown in other studies to offer valid and reliable
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estimates of a person’s willingness to take the financial risk (Grable et al., 2014; Kuzniak et al.,
2015; Rabbani et al., 2017). Constant relative risk aversion (CRRA) was assessed using the
following item, which was adapted from Grable et al. (2020). The dollar amount choices linked to
the question are the certainty equivalent amounts associated with the dollar tradeoffs in the

question. A higher dollar amount indicates a lower degree of risk aversion.

Suppose you are considering making an investment. You have a chance to make an
investment that will return either $50,000 or $100,000. Your financial advisor
estimates that the probability of receiving $50,000 is 50% and the probability of
receiving $100,000 is also 50%. You also learn from your financial advisor that
shares in this investment are limited and difficult to obtain. Therefore, the less you
are willing to invest, the lower the chance that you will be able to participate in the
investment. Based on this information, what is the largest amount of money you
would be willing to pay to participate in this investment, assuming you had the
money? (1) $70,711, (2) $66,667, (3) $63,246, (4) $60,571, (5) $58,566, (6)

$57,083, (7) $55,978, (8) $55, 143, (9) $54,499, and (10) $53,991.

Finally, each study participant’s revealed risk preference was assessed by a question

adapted from Barsky et al. (1997). The question first asked:

“Suppose you are the only income earner in the family, but that your current job is ending.
You have to choose between two new jobs. The first job would guarantee your current
family income for life. The second job is also guaranteed for life and possibly better paying,

but the income is less certain. There is a 50-50 chance that the second job will double your
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current family income for life and a 50-50 chance that it will cut your current family income

by a third for life. Which would you take?”

This was followed by one of two questions based on each participant’s original choice:

(a) “Now suppose the chances were 50-50 that the second job would double your current

family income and 50-50 that it would cut it in half. Would take the job?” or

(b) “Now suppose that chances were 50-50 that the second job would double your current

family income and 50-50 that it would only cut it by 20 percent. Would you take the job?”

An ordinal score ranging from 1 = low risk tolerance (high risk aversion) to 4 = high risk tolerance

(low risk aversion) was estimated based on answers to these questions.

Data Analysis Methods

EEG data were processed offline using EEGLAB version 2019.1 through MATLAB
(Delorme & Makeig, 2004). As shown in Figure 2.4, EEG data were recorded digitally as a time

series or as a continuous flow of voltages.

Figure 2.4. EEG Wave Record Time Domain (Note. Illustration adapted from Emotiv, 2022
(https://www.emotiv.com). In the public domain).
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Before analyzing participant data, measurement artifacts were identified and removed.
Cleaning of data is important because EEG signals are susceptible to bodily changes (e.g., sudden
movements and physiological disturbances such as eye movements, eye blinking, and muscular
activity). These artifacts must be removed to ensure that the EEG signals are not contaminated
(Roy et al., 2021). In this regard, EEG signals contain two different categories of artifacts, which
are extrinsic and intrinsic artifacts (Kotte & Dabbakuti, 2020). Extrinsic artifacts mostly come
from external factors (e.g., environmental noise and body movements) or movements in the EEG
device, whereas intrinsic artifacts come from the body’s physiological activities (Uriguen &
Garcia-Zapirain, 2015). To remove extrinsic artifacts signal, the data in each channel was bandpass
filtered from 0.5 to 65 Hz (Christiano & Fitzgerald, 2003). Intrinsic artifacts were removed by the
Independent Component Analysis (ICA) method embedded in EEGLAB. ICA is widely used in
EEG research to remove artifacts in EEG data by decomposing mixed-signal sources. Specifically,
the Extended Informax ICA algorithm, as discussed below, was used for this study because of its

reliability (Delorme et al., 2007; Jebelli et el., 2018; Lee et al., 1999; Viola et al., 2010).

Extended Informax ICA algorithm. Assume there is an M-dimensional zero-mean vector
S(t) = [s,(£), ..., sy (£)]T, such that the components s;(t) are mutually independent. The vector
s(t) corresponds to M independent scalar-valued source signals s;(t). The multivariate probability

density function of the vector as the product of marginal independent distribution is

p(s) = [TiZ1 pi(si) (2.5)

A data vector x(t) = [x, (%), ..., xy(©)]” is observed at each time point t, such that

X(t) = As(t) (2.6)
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u(t) = Wx(t) = WASs(t) 2.7)

where u is the unmixed signals at each time point t, W is the linear mapping of a data vector x(t),

A'is a full-rank N x M scalar matrix, and s is the sources from the mixed signals.

After removing artifacts, data were linked with the three elements of the study by
participant: (a) the survey, (b) the choice dilemma, and (c) the risk-taking task. EEG features in
the frequency domain were then extracted for each element. Alpha, beta, and gamma EEG waves
were compared between those who elected to engage in the risk-taking task and those who did not

engage in the task.

Results

Table 2.4 shows the results from the tests designed to address the first research question,
which asked: Do measures of self-assessed financial risk-tolerance and other personal
characteristics correlate with engagement in risk-taking behavior? Given the size of the sample,
median, Median Absolute Deviation (MAD), and Mann-Whitney U tests were used to evaluate this
question. Four variables were found to be associated with risk-taking. Study participants who
reported higher levels of subjective financial knowledge and financial experience were more likely
to make the wager. It is possible that given the complexity of estimating odds associated with the
risk-taking task, those with greater financial knowledge and experience were able to conceptualize
the activity in a way that reduced the stress associated with the choice dilemma. Answers to the
SCF risk-assessment item and the measure of CRRA were also found to be associated with
engagement in the risk-taking task. Those who indicated a greater willingness to take risk (i.e.,

they were less risk averse) were observed to be more likely to engage in the wager.
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Table 2.4. Risk Tolerance and Personal Characteristics Associated with Engaging in Risk-Taking
Task

Variable Mdn MAD RTT: No RTT: Yes p?
Mdn (MAD)  Mdn (MAD)

Mood 8.00 1.35 8.86 (1.22) 7.33 (1.16) n.s.
Willingness to Gamble 2.00 0.92 2.14 (1.07) 2.33 (0.58) n.s.
Willingness to Bet 1.00 1.06 1.57 (1.13) 2.00 (1.00) n.s.
Financial Satisfaction 5.50 1.65 5.14 (1.58) 6.00 (2.00) n.s.
Financial Knowledge 6.00 2.04 5.29 (1.60) 8.33(1.16) <.05
Knowledge of Games 2.50 2.31 3.71 (2.69) 2.33 (0.58) n.s.
Financial Experience 7.00 2.30 5.86 (2.04) 9.00 (1.00) <.05
Self-Assessed Risk Tolerance 4.50 2.22 4.00 (2.31) 5.33 (2.08) n.s.
SCF Risk Measure 2.00 0.79 1.86 (0.69) 3.00(0.00) <.05
Financial Risk Tolerance 23.00 3.69 22.00 (3.06) 26.67 (3.22) n.s.
Constant Relative Risk Aversion 6.50 3.31 7.57 (2.15) 2.00(1.73) <.05
Revealed Risk Preference 2.00 1.07 2.57 (1.13) 2.67 (1.16) n.s.

Note. n.s. = not significant; ®Mann-Whitney U Test; RTT = Risk-Taking Task.

Table 2.5 shows the mean power band scores by study participant across the three brain
waves by each element of the study (i.e., survey, choice dilemma, and risk-taking task). The fifth,
eighth, and eleventh columns show the average power band wave size by participant. These data
were used in the comparison tests to answer the question that asked, “Can alpha, beta, and gamma

waves be used to describe who is more or less likely to engage in a financial risk-taking activity?”

Table 2.5. Mean Power Band Alpha, Beta, and Gamma Brain Wave Values by Node

pai?é?gant Stage Alpha Avg Beta Avg Gamma Avg
P7 P8 FC5 FC6 T7 T8
Survey 41.61 37.66 39.64 38.09 39.05 38,57 23.61 26.74 25.18
RTPTF:\l(es CD 48.00 42.78 4539 39.12 40.70 39.91 26.73 27.38 27.06
RTT 44.02 40.65 42.34 38.04 43.31 40.68 23.74 30.94 27.34
Survey 41.17 39.33 40.25 35.78 3545 35.62 22.95 30.82 26.89
R'F‘F:%\Io CD 4194 2855 3525 39.37 41.20 40.29 34.25 46.05 40.15
RTT 4525 30.49 37.87 42.02 4059 4131 36.01 36.41 36.21
Survey 40.87 38.69 39.78 35.26 36.93 36.10 20.81 28.68 24.75
RTPTF:)i)’(es CD 4275 4211 4243 26.89 38.90 32.90 30.73 38.31 34.52

RTT 43.90 4494 4442 4107 43.65 4236 33.06 40.14 36.60
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Survey 40.46 38.35 39.41 33.73 35.88 3481 20.14 18.78 19.46

RTl?I'F:) ies CD  46.83 43.67 4525 38.33 39.85 39.09 26.75 26.96 26.86
RTT 4220 41.17 41.69 36.72 38.38 37.55 24.49 2530 24.90
Survey 45.80 4190 43.85 38.38 39.15 38.77 25.00 24.97 24.99
RTP'II?:?\IO CD  53.87 53.18 53.53 47.57 48.11 4784 3293 32.69 3281
RTT 56.22 52.67 54.45 46.71 47.70 47.21 3435 34.86 34.61
Survey 39.51 39.20 39.36 32.66 34.83 33.75 20.48 20.03 20.26
R1|?'II?: EIS\IO CD 40.70 37.60 39.15 33.71 36.59 35.15 23.20 24.09 23.65
RTT 39.33 35.86 37.60 36.22 37.87 37.05 23.89 27.61 25.75
Survey 4359 41.71 42.65 35.28 38.26 36.77 24.92 23.27 24.10
R'F'Il?: T\Io CD  48.92 43.67 46.30 4152 48.67 45.10 3599 39.44 37.72
RTT 4597 41.17 4357 4531 46.89 46.10 43.88 41.64 42.76
Survey 35.69 39.22 37.46 3423 39.22 36.73 2150 23.89 22.70
R'II?'II?:?\IO CD 4243 39.17 40.80 36.87 42.13 39.50 26.62 30.12 28.37
RTT 4148 38.84 40.16 40.24 4430 42.27 27.13 32.33 29.73
Survey 39.20 37.64 38.42 3220 36.69 3445 22.64 22.12 22.38
R'II'D'IIT: SI)\IO CD 4261 39.63 41.12 33.86 38.21 36.04 26.55 31.40 28.98
RTT 42.03 41.70 41.87 33.06 35.04 34.05 22.69 30.23 26.46
Survey 4484 4323 44.04 3455 36.34 3545 19.62 21.46 20.54
R'I:I)'I'Dl':ll(\)lo CD 46.12 45.09 4561 36.98 40.37 38.68 27.05 20.83 23.94

RTT 4478 44.17 44.48 3390 40.32 37.11 27.76 29.17 28.47
Note. CD = Choice Dilemma; PP = Participant; RTT = Risk-Taking Task.

Table 2.6 shows the same data by group (i.e., those who engaged in the risk-taking task

and those who did not).

Table 2.6. Mean Power Band Alpha, Beta, and Gamma Brain Wave Values by Group and Node

Alph Bet G
pha Avg eta amma

Group Stage Avg
P7 P8 FC5 FC6 T7 T8

Avg

Survey 40.98 38.23 39.61 35.69 37.29 36.49 2152 2473 23.13

RTT: Yes CD 4586 4285 44.36 34.78 39.82 37.30 28.07 30.88 29.48
RTT 4337 4225 4281 38.61 4178 4020 27.10 32.13 29.61

Survey 41.40 40.32 4086 34.73 37.13 3593 2444 23.79 23.12

RTT: No CD 4523 4098 43.11 3855 4218 4037 29.51 32.09 30.80
RTT 4501 40.70 4285 39.64 4182 40.73 30.82 33.18 32.00

Note. CD = Choice Dilemma; RTT = Risk-Taking Task.
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Whereas data in Table 2.5 and 2.6 show power band data by study participant and node,
data in Table 2.7 show average alpha, beta, and gamma brain wave data across the three elements
of the study. Differences between those who engaged in the risk-taking task and those who did not
was assessed with t tests. Only one significant difference was observed: Those who engaged in the
risk-taking task(s) exhibited lower beta wave activation during the choice dilemma phase of the
study. Although the risk takers almost uniformly exhibited less brain activation, none of the other

comparisons were statistically significant.

Table 2.7. Statistical Significance in Power Band Wave Values

Alpha Beta Gamma
Risk-Taking < = < = < =4
Task Group g & g & g &
5} 00 O o0 O en
= = =
> 8 £ > 8 £ » g &
: £ 3 ¢ E % £ £ %
& @) & & @) & & @) &
No 40.86 43.11 42.85 3593 40.37 40.73 23.12 30.80 32.00
Yes 39.61 4436 4281 36.49 37.30 40.20 23.13 2948 29.61
p 104 406 .959 100 .001  .449 996 431  .140
Number of
Observations 50 170 340

Note. The number of observations was estimated as the total number of values within the frequency range of each
wave (i.e., Alpha: 5Hz, Beta:17 Hz, and Gamma: 34 Hz) for each participant.

When viewed collectively, the results from Table 2.4 and Table 2.7 offer tantalizing
insights into the risk-taking decision-making process. Recall from Table 2.4 that greater financial
knowledge, more financial experience, higher risk tolerance, and less financial aversion were
associated with engagement in the risk-taking task. The results present the possibility that rather

than being a neural activity, risk-taking may be primarily a trait or characteristic factor. According
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to this line of thinking, knowledge, experience, and risk tolerance create a personal framework in
which someone is predisposed to engage in a risk-taking activity. It follows then that any brain
activation observed in relation to risk-taking tasks is an artifact that follows trait and personal
characteristics. If true, then differences in alpha, beta, and gamma brain waves should be observed
between those with low and high degrees of financial knowledge, experience, and risk
tolerance/aversion. Tests were undertaken to examine this possibility. Participant data were
segmented into financial knowledge, financial experience, risk tolerance (SCF Risk Measure), and
risk aversion (CRRA) categories based on a variable median split. Alpha, beta, and gamma waves,
across the three elements of the study (i.e., survey, choice dilemma, and risk-taking task), were

examined with t tests.

Table 2.8 shows these results. Significant differences existed in more than half of the
comparisons. Those with high self-assessed financial knowledge exhibited lower alpha wave
activation during the survey and risk-taking task, lower beta wave activation during the choice
dilemma, and lower gamma wave activation during the choice dilemma and risk-taking task. Those
with more financial experience had lower alpha wave activation during the survey and lower beta
wave and gamma wave activation during the choice dilemma and risk-taking task. A similar
pattern of brain activation was observed in relation to risk tolerance. Differences based on risk
aversion were also observed. Those with low-risk aversion had lower alpha wave activation during
the survey, choice dilemma, and risk-taking task. Those with low-risk aversion also had lower beta

wave activation during the choice dilemma.
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Table 2.8. Power Band Alpha, Beta, and Gamma Brain Wave Values by Knowledge, Experience, Risk Tolerance, and Risk Aversion

Financial Knowledge Financial Experience Risk Tolerance Risk Aversion
Stage Low High P Low High p Low High p Low High P
Alpha
Survey 41.84 39.13 .001 41.11 39.55 .028 41.11 3955 .028 39.31 41.66  .001
Choice Dilemma  44.35 42.61 .204 4376 43.06 .618 4376  43.06 .618 41.83 45.14 .014
Risk-Taking Task  44.43 41.30 .015 43.72 41.58 .111 43.72 4158 111 41.29 4444 015
Beta
Survey 36.21 35.99 .481 3630 35.81 .124 36.30 35.81 .124 36.37 3584  .091
Choice Dilemma  41.58 37.29 .001 41.23 36.75 .001 4123 36.75 .001 3833 40.54 .001
Risk-Taking Task  41.16 39.98 .068 41.34 39.41 .003 4134 3941 .003 40.83 40.31 413
Gamma
Survey 23.78 22.47 321 23.60 22.41 .378 23.60 22.41 .378 23.80 22.45 309
Choice Dilemma  32.65 28.05 .001 31.94 27.97 .007 31.94 2797 .007 3139 29.31 .149
Risk-Taking Task ~ 33.70 28.86 .001 33.04 28.65 .004 33.04 28.65 .004 30.96 31.61 .660
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Although preliminary, findings from this study suggest that engagement in risk-taking
tasks is not primarily associated with alpha, beta, or gamma brain wave activation. Brain wave
activation, and the resulting engagement in a risk-taking task, appears to be associated most
directly with levels of financial knowledge, financial experience, risk tolerance, and risk aversion.
These factors may act in a way that primes someone to take risk. It is noteworthy, however, that
those who engaged in the risk-taking task exhibited less alpha, beta, and gamma brain wave
activation.

Discussion and Implications

The following questions were asked at the outset of this study: (a) do measures of self-
assessed financial risk-tolerance and other personal characteristics correlate with the engagement
in risk-taking behavior and (b) can alpha, beta, and gamma waves be used to describe who is more
or less likely to engage in a financial risk-taking activity? In relation to the first question, results
indicated that, among those in the sample, subjectively assessed financial knowledge, financial
experience, and risk tolerance/aversion were associated with engaging in the risk-taking task.
Those with more knowledge and experience were more likely to take the offered risk. As expected,
those with more risk tolerance (less risk aversion) were also more likely to engage in the risk-
taking task. These findings support previous risk-tolerance and risk-taking literature (Blais &

Weber, 2006; Fisher & Yao, 2017; Grable et al., 2020).

Findings from this study are noteworthy in expanding the risk-tolerance and risk-taking
literature beyond the use of personal characteristics and attitudinal factors in describing risk-taking
behavior. For example, those who were more attentive, focused, and cognitively engaged were
less likely to engage in the risk-taking task. However, brain wave activation was generally not

associated directly with making a wager.
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Risk takers, at least in the context of the type of wager used in this study, appear to be less
engaged, focused, and thoughtful compared to those who are more risk averse. Risk takers also
appear to be more relaxed during periods leading up to a risk-taking opportunity. Rather than being
triggered by the activation of brain waves, the choice to take a risk or not take a risk appears to be
described more completely by someone’s financial knowledge, experience, and willingness to take
risk. These factors appear to make someone predisposed to taking a risk. This does not mean,
however, that a risk-taker is not physiologically aroused before or during a risk-taking activity.
Instead, this means, in response to the second research question, that risk-taking is not reliant on

the activation of alpha, beta, or gamma waves.

Findings from this study provide support for the notion that risk is an important factor in
describing risk-taking activity. At the outset, it is important to acknowledge that it is possible for
a risk seeker and risk avoider to engage in a similar risk-taking task. It is also possible for a risk
seeker and risk avoider to avoid risk-taking behavior. The difference between a risk seeker and a
risk avoider may be that a willingness to take risk—based on knowledge and experience and an
innate tolerance for risk—primes a person to be more likely to engage in a risk-taking activity.
Rather than prompting brain activation, risk seekers appear to react with less cognitive effort. Data
from this study suggest that a risk seeker does not necessarily need to be cognitively engaged in
the risk-taking decision process. Risk avoidance behavior appears to be associated with elevated
levels of brain activation, particularly among those with lower levels of financial knowledge,
financial experience, and risk tolerance. In order to prompt a risk avoider to take a risk it may be
necessary to reduce stimuli and moderate the brain response. This could be achieved by providing

mindfulness mediation practices or managing distractions during the decision-making process.
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These insights have implications for those who are in the financial services and gaming
industries. Consider again the scenario presented in the introduction to this paper. Two otherwise
similar people were described as walking into an investment advisor’s office. The two individuals,
like the participants in this study, shared common demographic and socioeconomic characteristics.
Both entered the financial advisor’s office with a monetary endowment. It was then asked which
of these two would be more likely to make a risky investment or savings choice or to engage in a
wager in which the outcome is uncertain and potentially negative? It turns out that the person with
more financial knowledge, more financial experience, and a higher tolerance for risk is more apt
to take the financial risk. Results from this study also suggest that the risk taker will likely be the
one who is less cognitively engaged and less emotionally focused on the choice dilemma. It is
important to note that rather than presenting anxiety, fear, or stress, the risk takers in this study
initially exhibited relaxation and calmness, even when the situation was potentially stressful (i.e.,
wearing a scalp assessment device while taking a survey). This result indicates a strategy when
presenting risky choices to individuals: Make the risk-taking choice environment as enjoyable and
relaxing as possible.

Limitations

The results from this study, while providing unique insights into the way brain activation
is associated with financial risk-taking, have generated as many or more questions than the
questions answered. For example, future studies are needed, using larger samples, to determine if
the way a risk-taking question is framed may trigger different alpha, beta, and gamma brain wave
responses. In this study, the risk-taking task was framed neutrally. It is possible, as described in
prospect theory (Kahneman, 2011; Kahneman & Tversky, 1979; Tversky & Kahneman, 1992),

that framing the risk-taking task either positively or negatively might activate different alpha, beta,
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and gamma responses. Additionally, the dollar amount at risk may be related to the choice to
engage in a risk-taking behavior. It is possible that the $25 endowment used in this study was not
enough to warrant someone’s time to engage in the last step of the study. It is also possible that
the endowment was considered too valuable to lose. Future studies, using different dollar
endowments, are needed to explore this issue. In addition, the activity itself may trigger different
brain activation. It may be that a gambling scenario activates different brain regions compared to
investment or saving scenarios. Finally, although prescreening and a general comparison of brain
waves were conducted across the participants, differences in cognitive ability (i.e., Attention-
Deficit/Hyperactivity Disorder, etc.) were not evaluated before, during, or after the experiment.
The potentiality that medically diagnosed cognitive conditions could be related to brain wave

activity in the context of risk-taking behavior is worthy of future study.

When viewed holistically, the results from this study are noteworthy in showing that brain
wave activation is not directly associated with the choice to engage in a financial risk-taking task.
Brain wave activation in relation to financial risk taking is more directly related to someone’s level
of financial knowledge, financial experience, and willingness to take risk. The use of EEG
methodologies, as a clinical and research tool, as exemplified by this study, shows great promise
in providing more insights into how individuals conceptualize and act when faced with financial

choices that entail the possibility of uncertain gains and losses.
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CHAPTER 3
THE ROLE OF RISK TOLERANCE AS A MEDIATOR BETWEEN HOUSEHOLD INCOME
AND TOBACCO AND ALCOHOL USE AMONG MID-LIFE ADULTS IN THE UNITED
STATES

Introduction

According to the Centers for Disease Control and Prevention (CDC; 2021), every six in
ten adults exhibit symptoms of chronic disease. These diseases are the leading causes of death and
disability in the United States. Tobacco and alcohol use are known lifestyle risks that have been
linked with chronic disease in the United States (CDC, 2021). Numerous studies have addressed
the relationship between socioeconomic status (SES) (i.e., poverty level, educational attainment,
and employment status) and tobacco and alcohol use (e.g., O’Neill, 2005; Pampel & Rogers, 2004;
Pollack et al., 2007). Results from such studies suggest that those living below the poverty line
tend to exhibit higher rates of tobacco use. In contrast, those living above the poverty level
generally consume more alcohol.

While the association among tobacco and alcohol use, problematic health outcomes, and
the socioeconomic situation is well established in the literature (see Mokdad et al., 2004; Sturm,
2002), less is known about the association between health-related sensation-seeking behavior, of
which tobacco and alcohol use are sensation-seeking proxies, and factors related to financial well-
being, which is generally conceptualized as a person’s perception of being able to maintain a
current, an anticipated, and a desired standard of living (Brlggen et al., 2017). These relationships

are important (see Zinn, 2019). What is generally known is that the monetary costs associated with
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using tobacco and alcohol can dramatically reduce resources available to fund saving and
investment needs at the household level, especially for those at lower-income levels (O’Neill et
al., 2005; Walsh et al., 2013). It is also known that sensation-seeking behavior inflicts more harm
among socioeconomically disadvantaged households (Pampel & Rogers, 2004). When viewed this
way, expenditures on tobacco and alcohol may be a primary force reducing a household’s cash
flow position, thus reducing net worth gains, primarily because the engagement in problematic
health-related sensation-seeking activities substitutes for saving and investing (O’Neill, 2009).
Additionally, because of the association between tobacco and alcohol use and chronic disease (i.e.,
tobacco and alcohol use behavior are factors associated with chronic health conditions), health
care costs tend to be higher for those who use tobacco and more than modest amounts of alcohol
on a regular basis (CDC, 2021).

Statement of Purpose

The goal of this study was to estimate the association between household income and
tobacco and alcohol use. Additionally, this study aimed to measure the mediation effect of risk
tolerance—as measured across seven domains (i.e., driving, financial matters, occupational, health,
faith in people, romantic relationships, and major life change)—in describing tobacco and alcohol
use.® Findings from this study provide insight into the health-socioeconomic effect by suggesting

that there may be ways health and personal finance researchers, educators, and policymakers can

8 While a moderation analysis seeks to examine how the relationship between two variables (i.e., household income
and tobacco and alcohol use) changes depending on the level of the third variable (i.e., risk tolerance in this study),
the purpose of the current study is to gain a better understanding of the causal link between household income and
tobacco and alcohol use, and identify a mediator variable (risk tolerance) that can explain the underlying
mechanisms of the two variables (i.e., household income and tobacco and alcohol use) using both direct and indirect
ways (via a mediation analysis).
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work together to reduce problematic tobacco and alcohol use, via risk-tolerance education, as a

tool to promote gains in household-level socioeconomic status.

Literature Review

Health, Socioeconomic Status, and Sensation-Seeking

In the literature, health status and socioeconomic status (SES) is associated (O’Neill, 2009;
Rosen & Wu, 2004). While numerous indicators represent SES, household income is a popular
gauge of SES and economic security. As noted by Pollack et al. (2007), higher SES tends to be
positively related to increased longevity, higher self-ratings of health, improved functional status,
and a decrease in chronic disease. Higher SES is also related to improved well-being and mental
health (Bogan & Fertig, 2013), with SES acting as a buffer between health and financial shocks
and economic security (Smith et al., 2005).

In order to better understand the relationship between SES and problematic health behavior,
it is necessary to have a clear understanding of the term sensation-seeking. Sensation-seeking
describes a person’s preference for pursuing immediate pleasure in comparison to future
satisfaction (Zuckerman, 1979). Sensation-seeking encompasses three domains: physical, social,
and health. Horvath and Zuckerman (1993) defined tobacco use (i.e., smoking) and alcohol use
(i.e., drinking) as two forms of health sensation-seeking behavior. When viewed as sensation-
seeking behavior, tobacco and alcohol use are known to be related to household income levels
(Auld, 2005; Blakely et al., 2005). No consensus on the causal mechanism linking tobacco and
alcohol use to SES (Wei et al., 2020) has been established. What is known is that smokers tend to
come from lower-income households, while those who spend more money on alcohol on a regular

basis come from higher-income households (Collins, 2016; Hiscock et al., 2012).
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The pathways linking SES to better health outcomes stems from the notion that increased
income allows a household to live in high-quality housing, have access to better education, and
gain access to more and better health (and financial) information and care (Marmot, 2002). The
relationship between SES and better life outcomes fits well with the concepts embedded in social
vulnerability theory (Ross &Wu, 1995). As noted by Pampel and Rogers (2004), those who exhibit
high SES:

Develop greater resistance to disease because they enjoy better medical care,

nutrition, and comfortable living conditions while growing up. These resources

contribute over time to greater physiological resilience in dealing with the harm of
lifestyles such as smoking. By contrast, because they have fewer resources for
medical care, diet, and living conditions, members of lower socioeconomic status

groups face more assaults on health over the life course that can decrease the body’s

resilience and ability to resist disease or, once ill, to recover from it” (pp. 308-309).

The tendency among low SES households to spend excessive amounts on sensation-
seeking activities (based on a percent of available household resources) may result from a lack of
information and counseling, as well as reduced access to healthy eating and recreational options.
This pattern of behavior can be a symptom of insufficient resources to obtain quality care and
behavioral alternatives (Bartley, 2019; Porter, 2019). This recurring pattern of behavior may limit
a household’s ability to improve SES outcomes in the long term (Pampel et al., 2010).

While much of the extant literature shows a direct relationship between SES and
engagement in health-related sensation-seeking behavior, a possible association may be indirectly
explained. As O’Neill (2009) pointed out, allocating household resources to activities that increase

the probability of ill health means more household income will be spent on medical expenses. This
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excessive spending, in turn, can increase financial and psychological strain, leading to barriers to
achieving gains in SES. This points to a possible mediated effect between health status and SES.
As physical health deteriorates, so does earnings potential. Stated another way, chronic health
conditions can limit job productivity (Zagorsky, 2005), which can dampen SES.

Although consensus is lacking regarding causality, almost all theories and models used to
evaluate the relationship between SES and health-related sensation-seeking behavior suggest that
SES, or factors comprising SES, plays a critical role in describing a person’s choice to engage in
problematic behavior (Zuckerman, 1983). At a minimum, the relationship may be an indirect one
through another variable, such as risk tolerance. The current study examined this possibility.

Risk Tolerance

Risk tolerance is defined as a person’s willingness to take risks when deciding whether the
outcomes are both unknown and potentially negative (Grable, 2000). Risk tolerance is important
in understanding and interpreting household saving, spending, and investing behavior (Gutter et
al., 2012; Lee & Kim, 2017). Evaluating risk tolerance is a cognitive task that requires someone
to respond to one or more scenarios using subjective estimates of outcome probability. Those who
perceive risks as potentially harmful or costly tend to exhibit low-risk tolerance (i.e., high-risk
aversion) and vice versa.

It is possible that risk tolerance,® across domains, may play an important role in describing
health-related behavioral choices. However, it is interesting to note that this potential relationship,
between risk tolerance and health-related behavior choices, has not been widely studied by health

researchers. Some evidence exists that different domains of risk tolerance are associated with what

% Closely related to the concept of risk tolerance is the notion of risk perception. Risk perception is defined as a
decision-maker’s subjective judgment about the likelihood of a negative occurrence or decision outcome (Paek and
Hove, 2017). Yan and Brocksen (2013) showed that high risk perception—a construct akin to high risk aversion—
lowers the likelihood of substance abuse.
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Irwin and Millstein (1986) and Grable and Joo (2004) labeled environmental and personal
biopsychosocial characteristics. The literature is replete with examples of how household income,
and to some extent sensation-seeking preferences, are related to a person’s willingness to take a
risk. The consensus within the literature is that high personal and household income acts as a
marker of increased tolerance for financial risk. In contrast, a preference for engagement in
sensation-seeking activities acts as a proxy for risk-taking in the health domain. Conceptually,
household income is generally considered an antecedent or predisposing household situational
factor that directly describes a person’s degree of risk tolerance (Pinjisakikool, 2017; Wong, 2011;
Wright, 2017). The reason is that income is considered an indicator of household financial capacity
(Cordell, 2002). Households with greater financial capacity are generally better able to deal with
losses associated with unexpected financial, lifestyle, and health losses, and as such, researchers
generally assume that income is a determinant of risk tolerance rather than risk tolerance shaping
income (Fisher &Yao, 2017; Hanna et al., 2008).

The domains of risk tolerance are ethical, financial, health/safety, social, and recreational
situations (Weber et al., 2002). While researchers continue to debate the degree to which the
domains of risk tolerance are correlated, the general consensus is that individuals who are willing
to take risks in one domain should be willing to engage in behavior in other risk-tolerance domains
(Hanoch et al., 2006; Szrek et al., 2012). Of importance to note is that measures and domains of
risk tolerance are not interchangeable (Grable & Rabbani, 2014). The relationship one domain of
risk tolerance has with an outcome of interest will differ based on the social context of the situation
and a person’s unique circumstances. For example, someone who exhibits high health risk

tolerance (i.e., they are willing to engage in what are generally unhealthy behaviors) may be more
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prone to use tobacco and consume alcohol to excess. However, this same person may not be willing
to invest their money aggressively or take social risks.

Conceptual Model and Research Questions

In this study, sensation-seeking behavior was proxied by tobacco and alcohol use among
current tobacco and current alcohol users. As previously noted, the literature shows clear
associations between and among household income, tobacco (Grafova, 2011) and alcohol (Auld,
2005) use, and risk tolerance (Pampel & Rogers, 2004; Ross & Wu, 1995). Additionally, an
association between income (both personal and household) and risk tolerance has been
documented in the literature (Wong, 2011; Wright, 2017). The literature is relatively silent,
however, in describing the possible mediating effects of risk tolerance on sensation-seeking
behavior. It may be possible that risk tolerance—as an indicator of a cognitive appraisal—plays a
key role in describing the level of tobacco and alcohol use among current users of tobacco and
alcohol. If this is the case, risk-tolerance education may provide a pathway to helping, both directly
and indirectly, mitigate harmful tobacco and alcohol use.

This study was guided by a biopsychosocial model of risk-taking behavior proposed by
Irwin and Millstein (1986) and the concept of social vulnerability (Ross & Wu, 1995). The model
shown in Figure 3.1 illustrates the conceptualization of the study. Factors thought to increase the
probability that a person will engage in risk-taking behavior are classified as (a) predisposing
endogenous and predisposing exogenous factors and (b) precipitating factors. Irwin and Millstein
(1986) noted that characteristics such as age, gender, and racial/ethnic background are examples
of predisposing endogenous factors (i.e., characteristics unique to an individual), while income is
a predisposing exogenous factor (i.e., a behavior influence arising outside of the individual). They

also showed that psychological and social/environmental variables (i.e., cognitive scope,
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perceptions of the society/environment, personal values, etc.) function as precipitating behavior
factors (e.g., triggers of behavior). When viewed this way, risk tolerance can be viewed as a
precipitating psychological factor (or trait) that proceeds the engagement in risk-taking behavior.

The predisposing endogenous and exogenous factors in the model tend to be correlated.

Predisposing Factors Precipitating Factors Risk Taking Behavior

Figure 3.1. The Biopsychosocial Causal Model of Risk-Taking Behavior (Irwin & Millstein,
1986; Ross & Wu, 1995)
Based on the pathway presented in the model, the following research questions were tested:
RQa: The relationship between household income (i.e., predisposing exogenous factor) and
tobacco use (i.e., risk-taking behavior) is negative.
RQ2: The relationship between household income (i.e., predisposing exogenous factor) and
alcohol use (i.e., risk-taking behavior) is positive.
RQs: The relationship between household income (i.e., predisposing exogenous factor) and
tobacco use (i.e., risk-taking behavior) is mediated by risk tolerance (i.e., precipitating
factor in seven domains: driving, financial matters, occupation, health, faith in people,
romantic relationships, and major life change).
RQua: The relationship between household income (i.e., predisposing exogenous factor) and
alcohol use (i.e., risk-taking behavior) is mediated by risk tolerance (i.e., precipitating
factor in seven domains: driving, financial matters, occupation, health, faith in people,

romantic relationships, and major life change).
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Methods

Data

Data for this study were obtained from the National Longitudinal Survey of Youth 1979
(NLSY79). The NLSY79 is a survey sponsored by the U.S. Bureau of Labor Statistics, and it is a
nationally representative survey. The NLSY79 is a cohort born in the U.S. between 1957 and 1964,
and the survey was started in 1979 when participants were 14 to 22 years of age. The same
individuals have been and continue to be surveyed, and study participants are interviewed on a
biennial basis. The NLSY79 survey was created to study the transition from school to work and
careers among adolescents and young adults in the late 1970s (Rothstein et al., 2019). The cross-
sectional 2012 wave of data was used for this study. Although another wave of the survey,
conducted in 2014, included a question related to one of the main variables of interest, the number
of responses was too low (approximately one-third fewer compared to the second-to-last survey
conducted in 2012) to provide meaningful analytic insights. In 2012, those in the sample were aged
54 to 62 as mid-life adults who were at substantial risk of misusing alcohol and tobacco (Blow &
Barry, 2012). The sample was delimited to include only current smokers and users of alcohol, and
these two categories were not mutually exclusive. The analytic sample size included 1,377 current
smokers and 3,964 current alcohol users (i.e., drinkers). Data were weighted to represent the U.S.
population as of 2012 using sample weight values provided by the U.S. Bureau of Labor Statistics.
Variables

In the models, the primary independent variable of interest was total net household income.
Household income was assessed by combining all income sources in a household (e.g., wages,
unemployment compensation, net business income, net farm income, child support, alimony,

Supplemental Security Income, disability benefit, unemployment compensation, etc.). The
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resulting dollar amount was log-transformed. The dependent variables were tobacco and alcohol
use. Tobacco use was estimated by asking current smokers the number of cigarettes smoked per
day (i.e., “How many cigarettes do you smoke per day?”). The alcohol use variable was estimated
by asking current drinkers the number of days they consumed alcohol in the last 30 days (i.e.,
“During the last 30 days, on how many days did you drink any alcoholic beverages, including beer,
wine, or liquor?”).10

Seven domain-specific risk-tolerance variables were used as mediating variables in the
models. The following risk tolerance question asked across the domains in the NLSY79: “People
can behave differently in different situations. How would you rate your willingness to take risks
in the following areas? For each situation, rate your willingness from 0 to 10, where 0 means
unwilling to take any risks and 10 means fully prepared to take risks. The seven areas were: (a)
driving, (b) financial matters, (c) occupation, (d) health, (e) faith in people, (f) romantic
relationships, and (g) major life change.!! It is important to note that the survey does not provide
specific examples of what should or could be included in each domain.

The following control variables, which align with the conceptual model of risk-taking
behavior shown in Figure 3.1, were included in the analyses: age, gender, racial/ethnic background,
education, employment status, and marital status. The choice of these variables was based on a
review of the most common control variables used in the SES-health literature (see O’Neill et al.,
2005; Pampel & Rogers, 2004; Rosen & Wu, 2004). Age was measured in years. Gender was

dummy coded so that males were coded 1 and females 0. Given the way racial/ethnic background

10 The reference numbers of the questions in the NLSY survey were T3976000 for tobacco use and T3976300 for
alcohol use.

11 The validity and statistical robustness of the items was assessed by Grable and Rabbani (2014). They noted that
the items correlate positively but that each item represents a separate domain of risk tolerance, and as such, one item
cannot be used as a proxy for another. As such, in this study, each of the seven variables will be tested in the models.
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was measured in the NLSY79, three racial/ethnic variables were used. Those who self-identified
as Black were coded 1, otherwise 0 (i.e., Hispanic, Non-Black, and Non-Hispanic). In a similar
way, self-identified Hispanics were coded 1, otherwise O (i.e., Black, Non-Black, and Non-
Hispanic). Those who self-identified as Non-Black, Non-Hispanic were coded 1, otherwise 0. This
category or racial/ethnic background was used as the comparison group in the analyses. Education
was also dummy coded. Those holding a Bachelor’s degree or higher level of education was coded
1, whereas those with an Associate’s degree or less was coded 0. Employment and marital status
were coded dichotomously with those who were currently employed (i.e., working), and those who
were married at the time of survey completion were coded, respectively, 1, otherwise 0.
Data Analyses

Several statistical tests were used to provide insights into the mediation effect of risk
tolerance on the association between household income and tobacco and alcohol use. First,
descriptive statistics were analyzed to portray the sample used in the study. To identify the
relationship between household income, control variables, and tobacco and alcohol use, a series of
ordinary least squares (OLS) regression analyses were estimated. A four-step approach described
by Baron and Kenny (1986) was used (see James & Brett, 1984; Judd & Kenny, 1981) to test the
mediation effect when risk tolerance is included as a mediator in the model. Figure 3.2 provides a
conceptual illustration of the mediation effect model that was assessed in this study. To evaluate
the significance of the mediation effect, a Sobel test (i.e., a z-score test; see Baron & Kenny, 1986;
Coquelet et al., 2019; Moyer & Song, 2019; Perry & Morris, 2005; Sobel, 1982, 1986) was
additionally undertaken. The Sobel tests provide an approximate estimate of the standard error of
the mediation effect to ensure that the mediation effect on the relationship between the independent

variables and the dependent variables are significantly different from zero at the alpha level of
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0.05 or less. Lastly, a path analysis and a sensitivity analysis for the casual mediation models were
performed as a robustness check. These methodological techniques were used to ensure the
robustness of the empirical findings (Imai et al., 2010; Tingley et al, 2014; Zhu et al., 2022). Path
analysis is a statistical technique used to depict the influence of a set of variables on one another
in cases where a causal relationship may exist (Stage et al., 2004). Sensitivity analysis provides
evidence that the core mediation findings are robust to potential violations of the fundamental
identifying assumption of the causal mediation model (Hong et al., 2018; Kenny, 2021; Imai et al.,

2010; Rosenbaum, 2002).

Risk Tolerance
(Driving, finance, occupation, health,

a faith, relation, life change) b
Household Income ] ¢ ‘( Tobacco and Alcohol Use
J , 'L (Risk-Taking Behavior)
C

Figure 3.2. Conceptual Illustration of Risk Tolerance as a Mediator between Household Income
and Tobacco and Alcohol Use (Note. a*b = Indirect/Mediation Effect; ¢ = Total Effect; ¢’ =
Direct Effect)
Results

Table 3.1 provides descriptive statistics for the variables used in this study. Study
participants who used tobacco indicated smoking approximately 14 cigarettes per day on average.
Those who indicated consuming alcohol reported drinking approximately eight days during the
most recent month on average. Risk-tolerance scores were generally in the moderate to the

moderately-low range, with driving and health risk-tolerance scores falling well below the average

compared to the other risk-tolerance categories.
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Table 3.1. Descriptive Statistics for Variables Used in the Study

Current Smokers Current Drinkers
(N,,=6,470,862) (N, =36,012,422)

Variable Mean (SD)
Smoking/Alcohol use 13.67(2.12) 8.21(1.07)
Household Income 42,614.09 92,154.02
Age 51.25 (2.22) 51.27 (2.21)
Risk Tolerance
Driving 3.32(1.38) 2.6 (3.28)
Finance 4.7 (3.55) 4.34 (2.97)
Occupation 5.56 (3.75) 5.10 (3.46)
Health 2.98 (3.67) 2.62 (3.08)
Faith 4.66 (3.43) 4.27 (2.96)
Relation 4.9 (4.23) 4.24 (3.62)
Life change 5.78 (3.53) 4.86 (3.05)
Variable Percentage
Gender
Male 50.6 52.4
Female 49.3 47.7
Race
Black 33.6 18.9
Hispanic 13.9 25.3
Others (Non-Black, Non-Hispanic) 52.5 55.8
Education Level
Associate’s Degree or Less 84.3 60.2
Bachelor's Degree or Higher 15.7 39.8
Employment Status
Working 56.8 79.3
Others (Laid off, looking for work, retired, others) 43.2 20.7
Marital Status
Married 35.4 56.3
Others (Never married, others) 64.6 43.7

Note. N,, is a weighted sample size (Horvitz & Thompson, 1952; Lohr, 2021) using weight values provided by the
U.S. Bureau of Labor Statistics.

Tables 3.2 and 3.3 show the results from the regression analyses. All coefficient values
were statistically significant at the 0.001 level. Separate tests were conducted to estimate the level
of multicollinearity in the data. The variance inflation factors ranged from 1.09 to 3.73 indicating
little to modest multicollinearity in the models. When holding other factors constant, higher-

income households were less likely to smoke than lower-income households across the seven risk-
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tolerance domains. For alcohol use, higher-income households were generally more likely to
consume alcohol compared to lower-income households. Overall, these results were consistent
with findings reported in the literature showing that tobacco users tend to come from lower-income
households, whereas alcohol users generally come from higher-income households.

Risk tolerance across the seven domains was found to be positively related to tobacco and
alcohol use, with the exception of faith, life change (for tobacco use), and driving (for alcohol use)
risk tolerance. All the variables, except gender, exhibited the same directional (coefficient)
relationship with tobacco use across the seven risk-taking domains controlling for other factors.
Older, working, higher-household income study participants were less likely to smoke, whereas
those who self-identified as Black or Hispanic, and those who were better educated and married,
were more likely to smoke across each of the seven risk-tolerance domains. In the case of alcohol
use, all the variables, except employment, also exhibited the same directional relationship across
the seven domains of risk tolerance. Those who were older with higher-household income
consumed more alcohol. Alternatively, those who self-identified as Black or Hispanic, were male,

obtained a higher education level, and were married consumed less alcohol.
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Table 3.2. OLS Regression Results Showing Variable Associations with the Tobacco Use

Domains of Risk Tolerance

Driving Finance Occupation Health Faith Relationship  Life Change
b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Variable
Age -1.70 (0.00)  -1.50 (0.00) -1.67(0.00) -1.59(0.00) -2.01(0.00) -2.23(0.00) -1.63 (0.00)
Gender -0.24 (0.00) 0.68 (0.00) 0.02 (0.00) 0.65 (0.00) 0.16 (0.00) -1.43(0.00) -0.28 (0.00)
Race (Black) 5.47 (0.00) 4.74 (0.00) 5.26 (0.00) 4.22(0.00) 4.06 (0.00)  5.64 (0.00) 5.42 (0.00)
Race (Hispanic) 4.70 (0.00) 4.60 (0.00) 4.30(0.00) 2.59 (0.00) 7.73(0.00) 4.11(0.00) 6.50 (0.00)
Education 7.72 (0.00) 6.45(0.00) 7.18(0.00) 6.98(0.00) 11.17(0.00)  9.75(0.00) 7.65 (0.00)
Employment -8.84 (0.00) -9.71(0.00) -9.04 (0.00) -9.65(0.00) -9.62(0.00) -8.93(0.00) -8.68 (0.00)
Marital Status 8.67 (0.00) 8.89 (0.00) 9.24(0.00) 8.57 (0.00) 7.16 (0.00)  9.59 (0.00) 8.17 (0.00)
Household Income  -1.63 (0.00) -2.29 (0.00) -1.53(0.00) -3.63(0.00) -0.41(0.00) -1.21(0.00) -1.35 (0.00)
Risk Tolerance 0.04 (0.00) 0.28 (0.00) 0.27(0.00) 0.57 (0.00) -0.75(0.00)  0.31(0.00) -0.12 (0.00)
Model
Adj. R? 48 A7 49 53 53 .50 48
Constant 109.13 101.12 105.63 112.17 123.10 133.01 104.79

Note. All coefficients are significant at p < 0.001 level.



Table 3.3. OLS Regression Results Showing Variable Associations with the Alcohol Use

Domains of Risk Tolerance

Driving Finance Occupation Health Faith Relationship Life Change
b (SE) b (SE) b (SE) b (SE) b (SE) b (SE) b (SE)
Variable
Age 0.64 (0.00) 0.64 (0.00) 0.64(0.00) 0.64 (0.00) 0.66 (0.00)  0.61 (0.00) 0.64 (0.00)
Gender -3.12 (0.00) -2.94 (0.00) -2.94(0.00) -2.64(0.00) -3.23(0.00) -2.44(0.00) -2.64 (0.00)
Race (Black) -3.32(0.00) -3.40(0.00) -3.40(0.00) -3.23(0.00) -3.55(0.00) -4.13(0.00) -3.23 (0.00)
Race (Hispanic) -4.20 (0.00) -4.22(0.00) -4.22(0.00) -3.86(0.00) -4.32(0.00) -4.51(0.00) -3.86 (0.00)
Education -1.79 (0.00) -1.76 (0.00) -1.76(0.00) -1.56(0.00) -1.36(0.00) -1.66 (0.00) -1.56 (0.00)
Employment -0.09 (0.00) -0.37 (0.00) -0.37 (0.00) -0.36 (0.00) -0.46 (0.00)  -0.86 (0.00) -0.36 (0.00)
Marital Status -1.78 (0.00) -1.74(0.00) -1.74(0.00) -1.82(0.00) -1.38(0.00) -1.54(0.00) -1.82 (0.00)
Household Income  1.32 (0.00)  1.44 (0.00) 1.44(0.00)  1.42(0.00) 1.43(0.00) 1.17(0.00) 1.42 (0.00)
Risk Tolerance -0.08 (0.00) 0.05(0.00) 0.05(0.00) 0.22(0.00) 0.10 (0.00)  0.45(0.00) 0.22 (0.00)
Model
Adj. R? .09 A7 10 10
Constant -25.93 -26.83 -28.32 -27.37

Note. All coefficients are significant at p < 0.001 level.
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Table 3.4 shows the results of the mediation tests. For mediation to be present, the
following features must exist. First, household income must be significantly associated with the
dependent variable (path c in Figure 3.2). Second, household income must be significantly related
to risk tolerance (path a in Figure 3.2). Third, the effect of household income, when risk tolerance
is included as a mediator, must be significantly associated with the dependent variable (path ¢’ in
Figure 3.2). Fourth, the effect of risk tolerance, in the mediated model, must also be statistically
significant (path b in Figure 3.2). If the effect of household income on the dependent variable,
controlling for risk tolerance, becomes zero, one can conclude that complete mediation is present
(Baron & Kenny, 1986). In cases where the effect is different from zero, but still fitting the four
requirements described above, partial mediation is assumed to be present. Within these partial
mediation models, if the magnitude of the relationship between household income and the
dependent variable becomes smaller when risk tolerance is included as a mediator, this is an
indication of consistent mediation. If a regression coefficient becomes larger when controlling for
risk tolerance, this is referred to as an inconsistent mediation (i.e., a suppressor effect) (MacKinnon
et al., 2000). A suppressor variable increases the magnitude of the relationship between the
independent and the dependent variable (Conger, 1974; Gaylord-Harden et al., 2010; Tzelgov &
Henik, 1991). In other words, if the relationship between household income and the dependent
variable in the unmediated model (path c) is closer to zero than in the mediated model (path ¢”),
this indicates that a mediator is a suppressor variable (MacKinnon et al., 2000; Rucker et al., 2011).
A suppression effect can also be present when the direct and mediated effect of the independent
variable on the dependent variable have opposite signs, or the direct effect is larger than the total
effect in the mediation model (Kenny, 2021; MacKinnon et al., 2007; Rucker et al., 2011).

Findings associated with the mediation tests are described below.
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Table 3.4. Mediation Tests of Alcohol/Tobacco Use as a Function of Risk Tolerance in Seven

Domains
Participant Current Drinkers Current Smokers
Path  Independent Variable Dependent Variable b Dependent Variable b
a HH Income R/T_Driving -0.65 R/T_Driving -0.65
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.20 -1.93
b RIT_Driving Alcohol Use 0.09 Tobacco Use 0.14
a HH Income R/T_Finance 0.80 R/T _Finance 0.80
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.20 -2.68
b RIT_Finance Alcohol Use 013 Tobacco Use -0.15
a HH Income R/T_Occupation 0.02 R/T_Occupation 0.02
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.51 -2.30
b R/T_Occupation Alcohol Use 0.1p IobaccoUse 0.01
a HH Income R/T_Health 0.10 R/T_Health 0.10
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.30 -2.63
b RIT Health Alcohol Use 0.41 Tobacco Use 0.47
a HH Income R/T _Faith -0.18 R/T_Faith -0.18
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.61 -2.45
b RIT_Faith Alcohol Use 0.41 Tobacco Use -0.15
a HH Income R/T_Relations 0.23 R/T_Relations 0.23
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.32 -241
b RIT_Relations Alcohol Use 0.46 10Pacco Use -0.11
a HH Income R/T_Life Change 0.16 R/T_Life Change 0.16
c HH Income Alcohol Use 1.03 Tobacco Use 0.39
c' HH Income 0.29 -2.26
b R/T Life Change Alcohol Use 0.60 | obacco Use -0.46

Note. Path = Path in Figure 3.2; HH Income = Household Income; R/T = Risk Tolerance. All coefficients are

significant at p < 0.001 level.

As shown in the first four columns of Table 3.4, risk tolerance was found to be a consistent

mediator of alcohol use. The effect of household income on alcohol use was reduced, but greater

than zero, when risk tolerance (across the seven risk-taking domains) was included in the models.

However, an inconsistent mediation effect was present in relation to household income and

tobacco use. Risk tolerance (across the seven risk-taking domains) functioned as a suppressor
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variable. As shown in Table 3.4, the regression coefficients for household income on tobacco use
were larger (in absolute terms) when risk tolerance was included in the regression models. This
resulted in a reversal of the income effect where path ¢’ (with risk tolerance) has an opposite sign
with path ¢ (without risk tolerance) in Figure 3.2. Results from the Sobel tests confirmed that the
indirect mediated effect of household income on smoking and alcohol use behavior via risk
tolerance was significantly different from zero at the alpha level of 0.05. This was true across the
seven risk-taking domains.

A robustness check of the findings from the mediation analysis was estimated using a path
analysis and a sensitivity analysis (Greenglass & Fiksenbaum, 2009; Imai et al., 2010; Rosenbaum,
2002). The path analysis was used to evaluate the role of household income in describing risk
tolerance and tobacco and alcohol use. The model showed the importance of risk tolerance on
tobacco and alcohol use. Results from the path analysis confirmed the magnitude and direction of
the relationship among household income, risk tolerance, and tobacco and alcohol variables used
in the mediation model. The most common sensitivity analysis for causal mediation analysis is
based on estimating the correlation between the error for the mediation model and the error for the
outcome model (Imai & Yamamoto, 2010). This error correlation serves as the sensitivity
parameter. A non-zero sensitivity parameter can be interpreted as evidence for the existence of
unobserved confounders that affect both the mediator and outcome (Tingley et al., 2014). Results
from the sensitivity analysis showed that the sensitivity parameters ranged from 0 to 0.25 (in
absolute values) across the seven domains, indicating little to no error correlation in the models.
The sensitivity analysis provided evidence that the core mediation findings were relatively robust

to potential violations of the key identifying assumption.
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Discussion and Implications

The purpose of this study is to estimate the effect of household income on tobacco and
alcohol use and to measure the mediation effect of risk tolerance (across seven risk-taking domains)
when describing tobacco and alcohol use. Support was found for the first two research questions
that stated household income is negatively associated with tobacco use, and household income is
positively associated with alcohol use. Support was also noted for the third and fourth research
questions. It was determined that risk tolerance reduces the income effect on alcohol use, primarily
through partial/consistent mediation, whereas risk tolerance increases and actually reverses the
income effect on tobacco use through partial/inconsistent mediation.

Several implications for those interested in better understanding the interconnections
between physical health and personal finance attitudes and behaviors can be drawn from this study.
To begin with, the literature does show that tobacco users and those who regularly overindulge in
alcohol consumption fail to make, on average, large SES gains over the life course. In some
respects, this is due to the substitution effect of income allocation between health-related
sensation-seeking expenditures and saving/investing, as well as increased health care costs that
result in the deaccumulation of assets over time (O’Neill et al., 2005). Given the relationship
between health behaviors and socioeconomic outcomes, the role of personal financial management
tools in reducing negative health behaviors is something researchers and policy makers should

consider.'> Among those who smoke tobacco and consume alcohol frequently, any decrease in

12 According to Baghal (2011), a common debate among researchers and policy makers is the identification of
mechanisms used by individuals when establishing and evaluating perceptions of risk related to tobacco use. While
some argue that people systematically underestimate the risk associated with smoking (e.g., Romer and Jamieson,
2001), others suggest that risks are often overestimated (Viscusi, 2002). A similar debate exists in relation to alcohol
use and abuse (Nolen-Hoeksema, 2004).
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these activities should result in an improved financial situation, ceteris paribus, by freeing
household income that can be directed towards saving, investing, and debt repayment.

In terms of alcohol use, both income and risk tolerance were, across domains, positively
associated with alcohol consumption. This means that someone in this study who was, for instance,
more willing to take relationship risks was also likely to report consuming more alcohol than
someone who was less willing to take relationship risks. Likewise, a person living in a high-income
household was prone to report consuming more alcohol each month. However, each domain of
risk tolerance also mediated the income effect on alcohol use. This means that while household
income—and by extension SES—was positively associated with alcohol use, the effect was
reduced when the model accounted for a survey participant’s tolerance for risk. Stated another way,
knowing about a person’s willingness to take risk appears to be much more important than
knowing the person’s household income status.

The relationship between risk tolerance and tobacco use was more nuanced. Household
income was initially observed to be positively associated with tobacco use across all models.
Driving, occupation, and health risk tolerance were also found to be positively associated with
tobacco use. However, financial, faith, relationship, and life change risk tolerance were observed
to have a negative association with tobacco use. In the mediated models, risk tolerance was found
to act as a suppressor variable. This means that risk tolerance reversed the income effect, bringing
the income-tobacco use relationship into alignment with what the CDC consistently reports—those
with higher household income were found to smoke less. It appears that attitudinal and cognitive
appraisals, as a type of predisposing personal characteristic, are a primary descriptor of tobacco

use, much more so than household income.
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While each risk tolerance measure used in this study was statistically significant, the role
of risk tolerance in mediating or suppressing the income effect varied by behavior. In terms of
alcohol use, risk tolerance was a consistent mediator. Stated another way, for tobacco use, one
should expect a dampening of driving, financial, occupation, health, faith, relationship, and life
change risk tolerance to be associated with a reduction in alcohol consumption. In terms of tobacco
use, risk tolerance was an inconsistent mediator. One should expect a reduction in driving,
occupation, or health risk tolerance to correspond to a reduction in smoking behavior. Conversely,
an increase in financial, faith, relationship, or life change risk tolerance should be associated with
a decrease in tobacco use. It may be that as tobacco users gain an understanding of the opportunity
costs associated with engaging in sensation-seeking behavior, vis-a-vis gains in SES, they elect to
reduce tobacco use as their willingness to take risk increases. In this regard, financial professionals
can play a key role in promoting healthy behavior and reducing tobacco use among their clients.
For example, financial professionals can offer education and resources on the health risk of tobacco
use and provide incentives for improved health behaviors. Additionally, financial professionals
can assess and monitor clients’ risk-taking behavior and encourage healthy lifestyles. In other
words, by taking a proactive approach to promoting healthy behaviors, financial professionals can
help reduce tobacco use and improve overall health and financial outcomes among their clients.

Over the past four decades, numerous studies have been conducted in an attempt to provide
insights into preventing tobacco use among young adults (as well as presenting documentation
regarding the negative effects of excess alcohol consumption). Policies that have emerged based
on these studies have usually been designed to stop tobacco and excessive alcohol use before
behavior begins (Kasperson, 2014). Attempts to curb tobacco and alcohol use among current users

tend to rely on medical and mental health treatments (Aksoy et al., 2019) and the use of policies
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that increase the price of tobacco and alcohol (Gruber & Koszegi, 2004; Haavio & Kotakorpi,
2011; O’Donoghue & Rabin, 2006). While often effective, it may also be possible to help reduce
tobacco and alcohol use with non-traditional behavioral and attitudinal interventions. Risk-
tolerance education may be such an intervention. Consider the work of Carr et al. (2015). They
reported that those who engage in positive cognitive health behavior, such as reading ingredient
labels before buying or consuming foods, exhibit better retirement planning behavior compared to
those who exercise frequently and/or do not engage in cognitive health activities. Carr et al. (2015)
also noted that assessments of risk appear to play a role in explaining why some people engage in
cognitive health behavior.

How might risk-tolerance education be delivered? As noted by O’Neill et al. (2005), health
and financial education interventions and programs have rarely been presented together. It may be
possible to create holistic instructional programs that incorporate aspects of health and financial
literacy education. Given the high comorbidity between the two constructs, it is possible that by
combining curriculums, attendees will be better able to identify how health behaviors and
outcomes are linked with their willingness to take risk, with the result being a change in risk
tolerance. Efforts taken to help current alcohol and tobacco users understand and adjust their
willingness to take risks across a variety of domains and scenarios may be a pathway to induce a
reduction in alcohol and tobacco use. The U.S. Cooperative Extension service is an ideal platform
to provide dual-focused education at the community level, especially among low SES groups
(Pampel & Rogers, 2004), as are employer-provided benefits classes and high school financial

literacy courses.
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Limitations

While noteworthy, results from this study should be evaluated in the context of certain
limitations. It is important to note, for example, that the results from this study are limited to older
tobacco and alcohol users (i.e., those who were aged 54 to 62 as of 2012). It is possible that results
for younger individuals might differ from findings reported here. Additionally, the mediation
models were, by design, simple. Future studies ought to include other control variables or multiple
mediators to account for the possible effect of other participant characteristics and predisposing
factors. Future studies should also consider creating a risk-tolerance index or scale that
incorporates the seven domains of risk tolerance. Such an index or scale may provide additional
insights into the role risk tolerance plays in describing sensation-seeking behavior. Additionally,
although the biopsychosocial model of risk-taking argues that predisposing factors, such as
household income and risk tolerance, precede the engagement in risk-taking behavior, it is possible
that an endogenous relationship between tobacco and alcohol use and household income and risk
tolerance exists. Future studies should attempt to decompose these relationships using instrumental
variables and expand the scope of this type of study to include longitudinal tracking of NLSY79
study participants.

When viewed holistically in the context of study limitations, the results from this study
indicate that risk tolerance appears to be an important predisposing factor, one that is more
important than household income alone, in describing tobacco and alcohol use. Risk tolerance
meditates (and sometimes suppresses) the income effect on alcohol/tobacco use. Results from this
study provide insights that researchers, educators, and policy makers can use to forge a more robust

understanding of the association between health behavior and SES.
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CHAPTER 4
A COMPARISON OF FINANCIAL RISK TOLERANCE ASSESSMENT METHODS IN
PREDICTING SUBSEQUENT RISK TOLERANCE AND FUTURE PORTFOLIO CHOICES
Introduction

Financial risk tolerance refers to someone’s willingness to engage in a financial behavior
in which the outcome is both uncertain and potentially negative (Nobre & Grable, 2015). A
financial advisor who provides investment advice to others for compensation is required, before
giving such advice, to first assess the other person’s financial risk tolerance. This practice standard
is universal. The U.S. Securities and Exchange Commission, the Ontario (Canada) Securities
Commission, and the European Securities and Market Authority, certification boards (e.g., CFP
Board of Standards, Inc. and the CFA Institute), and self-regulatory organizations (e.g., Financial
Industry Regulatory Authority [FINRA]) require financial advisors to assess the willingness and
ability of clients to take a financial risk before providing investment advice. The European
Securities and Markets Authority (2012) standard is representative of what regulators expect in
terms of risk-tolerance assessment: “When providing investment advice or portfolio management
the investment firm shall obtain the necessary information regarding the client’s or potential
client’s knowledge and experience in the investment field relevant to the specific type of product
or service, that person’s financial situation including his ability to bear losses, and his investment
objectives including his risk tolerance so as to enable the investment firm to recommend to the
client or potential client the investment services and financial instruments that are suitable for him

and, in particular, are in accordance with his risk tolerance and ability to bear losses” (n.p.).
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While regulators from North America, Europe, Australia/New Zealand, and across Asia
mandate that financial advisors assess their clients’ risk tolerance, regulators have been reluctant
to prescribe how an advisor should actually go about measuring a client’s or potential client’s
willingness to take financial risk. This lack of prescription has led to a proliferation of financial
risk-tolerance assessment tools, techniques, tests, quizzes, and scales in the marketplace. Although
somewhat simplified, as shown in Figure 4.1, three assessment procedures have come to dominate
the marketplace: (1) propensity measurements, (2) stated-preference measurements, and (3)
revealed-preference measurements.13 Numerous papers have been published over the past two
decades describing the methodological issues associated with the development of reliable and valid
measurement tools and the best types of questions to use when assessing risk tolerance (e.g.,
Guillemette et al., 2012; Roszkowski et al., 2005). Much of the existing literature suggests that
few commercial products are fit-for-purpose in the sense of providing an accurate insight into
someone's current and future willingness to take a risk (Brayman et al., 2017; Kitces, 2016). The
literature is also clear in showing that professional judgment is a weak substitute for a well-
designed assessment tool (Roszkowski & Grable, 2005) and that hybrid methods that combine
risk-assessment questions with measures of risk capacity, time horizon, and financial decision-
maker age, while useful in developing a broader risk profile, can lead to invalid estimates of
someone’s willingness to engage in risk-taking behaviors (Brayman et al., 2015; Hubble et al.,

2020).

13 Although rarely used in academic settings, some financial advisors use a hybrid assessment approach that relies
on stated-preference questions and open-ended questioning.
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2. Stated-
1. Propensity Preference
Measurements | Measurements

3. Revealed-
Preference
Measurements

Figure 4.1. Three Primary Risk Tolerance Assessment Methods in the Marketplace

Statement of Purpose

The purpose of this study is to provide policymakers and financial advisors with
information that can be used to better understand how a financial decision-maker’s willingness to
take financial risk can be reliably and validly measured. Specifically, this study is intended to
address three issues. The first is to compare the stability of the three primary risk-tolerance
assessment methodologies (i.e., propensity, stated-preference, and revealed-preference) across two
periods. The second is to identify the factors that can be used to predict changes in risk tolerance
across time. The third is to determine which risk-tolerance assessment method offers the best
prediction power when describing portfolio choices. The following assumptions were made at the
outset of this study: (a) each risk-tolerance method would exhibit some degree of stability across
periods, (b) each risk-tolerance assessment method has different factors that can be used to predict
the subsequent risk tolerance of financial decision-makers, and (c) each risk-tolerance evaluation

method will exhibit a different degree of prediction power in explaining portfolio choices.
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Literature Review

The following discussion provides a background review of the three types of financial risk-
tolerance assessment methods that were assessed in this study. The review also introduces control
variables commonly referenced in the literature whenever financial risk tolerance is evaluated
empirically.

Propensity Measures

Propensity measures—sometimes referred to as psychometric tests (Frey et al., 2017)—
comprise the largest number of commercial risk-tolerance assessment products in the marketplace.
When building a propensity measure, psychometricians assume that decision-makers rely on
subjective gain and loss probability estimates when choosing between and among alternatives.
Classical test theory is most often used to frame how questions are asked in a propensity measure. 4
Classical test theory is premised on building scales that are reliable and valid (Faff et al., 2009).
Reliability refers to the “consistency of individuals’ responses to an instrument across
measurement occasions and is a descriptive statistic designed to capture how much measurement
error is in a variable” (Beauchamp et al., 2017, p. 205). Validity refers to how well scale scores
describe and/or predict behavior (Babbie, 2013). Propensity measures are designed to assess
underlying attitudes that prompt behavioral intention and action, and as such, psychometric tests
are considered the ‘gold standard’ among those who measure personality, intelligence, and other

psychological constructs.

14 Other psychometric approaches can be used to guide questionnaire development, including item-response theory
and Rasch modeling.
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Stated-Preference Measures

Sometimes researchers need a straightforward and quick way to assess a decision-maker’s
willingness to take financial risks. Similarly, from time to time, financial advisors prefer to discuss
a client’s risk tolerance through a simple question-and-answer format. A stated-preference
assessment approach is often used in these situations (Adamowicz et al., 1994). Single-question
risk tolerance assessment is, as a result, widely used and trusted by researchers and financial
advisors alike. A stated-preference question can be asked this way: “If the markets were to fall by
10%, what would you do?” A stated-preference assessment can also be framed similarly to how
risk attitudes are assessed in the Survey of Consumer Finances (SCF): “Which of the following
statements comes closest to the amount of financial risk that you are willing to take when you save
or make investments?” One drawback associated with single-item stated-preference measures is
that reliability tends to fall below that of propensity measures (Grable & Schumm, 2007).
Additionally, the validity of scores from stated-preference measures tends to be unstable (Grable
& Lytton, 2001).
Revealed-Preference Measures

The primary alternative to propensity and stated-preference measurement techniques is a
revealed-preference test. Revealed-preference methodologies are closely aligned with concepts
embedded in economic theory. Hanna and Lindamood (2004) argued that “the only rigorous
theoretical analyses relating risk tolerance to optimal portfolios are based on the economic concept
of risk aversion” (p. 27). To fully understand the difference between a revealed-preference test and
a propensity or stated-preference measure, risk and uncertainty must first be differentiated. Weber
and Johnson (2009) clarified the difference between these two constructs as follows: “Risk refers

to situations where the decision-maker knows with certainty the mathematical probabilities of
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possible outcomes of choice alternatives. Uncertainty refers to situations where the likelihood of
different outcomes cannot be expressed with any mathematical precision” (p. 132). Those who
prefer revealed-preference tests argue that “uncertain situations can be reduced to risky situations”
(Weber & Johnson, p. 132). According to Frey and associates (2017), revealed-preference
measures are designed to “capture specific cognitive processes, such as the integration of gains
and losses or the role of learning and experience” (p. 1). This assessment approach involves having
a test taker choose between two outcomes in which the probability of potential gains and losses is
known a priori. Many revealed-preference assessments have been gamified so that a test taker is
presented with numerous choice scenarios. Based on their response, they estimate a risk-preference
score. Houthakker (1950) and others (e.g., Weber & Johnson, 2009) argued that revealed-
preference scores provide the only valid way to identify a decision-maker’s utility function in the
domain of investing, which is an essential input into the calculation of constant relative risk
aversion (CRRA).
Approaches Compared

There is little consensus concerning which measurement approach is the best. Test
developers and psychometricians continue to debate the merits and shortcomings associated with
each technique. The principal argument against the use of a propensity scale is that a psychometric
test may be little more than a detailed stated-preference assessment. Propensity scores are also
difficult to map to a portfolio in the context of the efficient frontier as described in modern portfolio
theory. Fischhoff and associates (1978) noted that these limitations do not necessarily diminish the
advantages associated with assessing attitudes with propensity measures. Fischhoff et al. argued
that, ““Attitudes elicited in surveys often correlate highly with behavior ... Furthermore, they elicit

present values rather than historical preferences” (p. 130). There is some evidence to suggest that
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propensity measures—at least those developed using psychometric test standards—do a good job
of describing and predicting behavior (Dohmen et al., 2011; Lonngvist et al., 2015).

The obvious weakness associated with the use of stated-preference items is that what a
person says they will do does not necessarily correspond to what they do (or will do) in practice.
Additionally, the use of stated preferences is almost always premised on the need for a quick
response. As such, asking one question when eliciting a risk attitude is common. This approach
can result in greater systematic measurement errors and problematic estimates of validity.
Although someone's stated preference may do just as well, or possibly better, in accurately
describing the person's willingness to take a risk. This possibility has not been fully explored in
the literature. However, Grable and Schumm (2007) did show that the reliability of stated-
preference items generally fall below standards of acceptability as described by classical test
theorists.

The revealed-preference approach is generally considered to be the preferred assessment
approach among those trained in economics because it provides the clearest length to descriptions
of constant relative risk aversion. This assessment technique, however, is not without its critics.
Dow and Werlang (1992) and Hanna et al. (2001) pointed out that revealed-preference tests often
fail to provide enough context to lead to a useful response. These researchers also noted that the
use of risk, rather than uncertainty, in choice scenarios may not capture the reality of situations
faced by financial decision-makers. Additionally, as reported by Barsky et al. (1997) and Charness
et al. (2013), asking the average person to make probability choices may be too complex of a task,
which often leads to guessing (see also Dave et al., 2010). Lurtz et al. (2021) also suggested that
people interpret their own risk tolerance through subjective factors such as thoughts, feeling,

values, and life experiences, rather than relying on mathematical calculation when making
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financial decisions that involve taking risks. In a summary review, Frey et al. (2017) argued that
revealed-preference tests may be portraying situational characteristics (i.e., states) that help a
person adapt to a particular situation rather than trait factors (Buss, 1989), which are preferences
that display consistency across time (Buss, 1989; Josef et al., 2016; Reynaud & Couture, 2012).

One point does tend to generate consensus among researchers: While scores from
propensity, stated-preference, and revealed-preference measures tend to correlate positively, the
statistical association among these measures tends to be weak (i.e., the effect size of the
relationship is generally low). As noted by Frey et al. (2017): ... measures from the propensity
and behavioral measurement traditions cannot be used interchangeably to capture risk preference”
(p. 8). Results from this study provide evidence to support this assertion.
Other Considerations

Given the complexities associated with measuring financial risk-tolerance attitudes and the
possibility that confounding variables may simultaneously influence someone's willingness to take
a risk and their engagement in financial behaviors, it is important to account for variables that are
known to be associated with risk tolerance and risk-taking behavior whenever descriptive and
predictive tests are undertaken (Kaustia & Torstila, 2011). The literature is replete with studies
showing the variables most commonly associated with financial risk tolerance. The following
discussion highlights some of the most important of these variables, (all of which were controlled
for in this study).

Gender. Gender, when measured as self-identifying as a male or female, is known to be
related to risk tolerance, with males generally reporting a greater tolerance for risk (Anbar & Eker,
2010; Chavali & Mohanraj, 2016; Grable & Roszkowski, 2007; Hallahan et al., 2004; Larkin et

al., 2013).
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Age. Age has also been shown to be related to risk tolerance, with older decision-makers
generally exhibiting less risk tolerance (Brooks et al., 2018; Gibson et al., 2013; Hallahan et al.,
2004; Yao et al., 2011).

Race/Ethnicity. Racial and ethnic background is also thought to be associated with a
financial decision-maker’s willingness to take financial risks, with those who self-identify as
White/Caucasian being more risk tolerant compared to those who self-identify as Black or African
American or Hispanic/Latinx (Dickason & Ferreira, 2018; Fisher, 2019).

Financial knowledge. A financial decision-maker’s knowledge of personal finance
concepts has been shown to be positively associated with financial risk tolerance (Gibson et al.,
2013; Grable, 2000; Grable & Joo, 2004; Wang, 2009). It is thought that financial knowledge adds
to a financial decision-maker’s capacity to evaluate risk and endure possible losses associated with
investment decisions.

Other factors. Other variables known to be positively associated with financial risk
tolerance include household income, education, and wealth status (Hallahan et al., 2004,
Pinjisakikool, 2017; Wang et al., 2021; Wong, 2011). Similar to financial knowledge, income,
education, and wealth are thought to add to a household’s (or financial decision-maker’s) risk
capacity or their ability to withstand losses associated with financial uncertainty. More
inconsistency is related to associations between homeownership and risk tolerance and marital
status and risk tolerance (Grable & Joo, 2004; Hallahan et al., 2004; Jianakoplos & Bernasek, 2006;
Koekemoer, 2018; Wong, 2011; Yang, 2004). The inconsistency arises because it is unclear if
financial decision-makers scale back on risk-taking when the outcomes associated with a risky
decision can negatively impact other household members or whether the presence of others in the

household enhance risk capacity.
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Research Questions

This study was developed to compare propensity, stated-preference, and revealed-
preference assessment methodologies. Rather than compare and contrast specific products in the
marketplace, the study tests scores from widely used research instruments representing each
assessment approach. It is assumed that scores obtained from the instruments are indicative of
scoring approaches used by most of the leading marketplace providers of risk-tolerance
assessments, as well as being representative of research tests used by those in academia. The
following research questions were tested in this study:

RQ1. How stable is risk tolerance across periods?

RQ2. What factors can be used to predict the subsequent risk tolerance of a financial

decision-maker?

RQs. What type of risk-tolerance assessment method offers the best (i.e., most reliable

and valid) prediction power when explaining subsequent portfolio choices?

Methods
Data and Risk-Tolerance Measures

Data for this study were obtained from a panel study of 365 individual financial decision-
makers. Data were gathered using the online survey panel managed by Dynata (dynata.com).®
Dynata recruited the sample and distributed Qualtrics questionnaires that included questions used
in this study. The delivery of the first and second questionnaires fell approximately six months
apart. Respondents completed the first survey in October 2020. The same individuals completed

the second survey in March 2021. Each questionnaire took about 15 minutes to complete, with a

15 A power analysis showed that the sample size was adequate to detect a significant effect with a power level of .80,
a significance level of .05, and an effect size of .80 (Aberson, 2019; Cohen, 2013).


http://www.dynata.com/
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standard deviation of five minutes. Those participating in the study received a modest financial

incentive after completing each survey. Sample descriptive statistics are shown in Table 4.1.

Three widely used research assessments were used as proxies for propensity, stated-
preference, and revealed-preference measures, respectively. Research participants were asked to
answer the assessment questions in both surveys. The Grable and Lytton (1999) risk-tolerance
scale was used as an indicator of what is generally considered to be a propensity measure. The
Grable and Lytton financial risk-tolerance scale, which was developed using concepts from
classical test theory, has been widely used as a research instrument in studies designed to evaluate
risk-taking attitudes and behaviors (Kuzniak et al., 2015; Lucarelli et al., 2011; Rabbani et al.,
2017). The scale consists of 13 multiple-choice questions that are summed to create a score ranging
from 13 to 47, with higher scores representing an increased willingness to take financial risk.
Across studies and over time, the scale has exhibited acceptable levels of validity (e.g., scores are
known to be positively associated with more aggressive investment choices) and reliability (e.g.,
reported Cronbach’s alpha scores have ranged from .70 to over .80, with higher reliability
estimates reported for older financial decision-makers (Kuzniak et al., 2015). Propensity scores
ranged from 13 to 37 in the first survey (M = 24.00, SD = 5.19) and 13 to 39 in the follow-up
survey (M = 24.17, SD = 5.40). Cronbach’s alpha was .73 in the first survey and .76 in the second
survey.

A study participant’s stated preference for risk-taking was assessed using the single-time
risk-assessment item from the SCF. Participants in the study were asked to respond to the
following query:

“Which of the following statements comes closest to the amount of financial risk that you

are willing to take when you save or make investments?”” Four answer options will be
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provided: (1) Not willing to take any financial risks; (2) Take average financial risks

expecting to earn average returns; (3) Take above-average financial risks expecting to

earn above-average returns; and (4) Take substantial risk expecting to earn substantial

returns.
Grable and Schumm (2007) estimated the reliability of the SCF item to be approximately .59,
which falls below commonly accepted standards for reliability (Nunnally & Bernstein, 1994);
nonetheless, this item is the most widely used risk-tolerance (aversion) estimate in the literature
primarily because it is included in the Survey of Consumer Finances and many other national and
international surveys. Although the reliability falls below evaluation standards, the estimated
reliability of the item is relatively robust for a single-item measure. Across both surveys, as shown
in Table 4.1, the modal category was to ‘take average financial risks expecting to earn average
returns.’

The widely used Barsky et al. (1997) revealed-preference test was used as an indicator of
commercially available revealed-preference financial risk-tolerance assessments. The Barsky et al.
assessment process involves asking study participants to answer the following questions based on
a skip pattern choice scenario. Once the questions were answered, a four-point ordinal revealed-
preference score was calculated (i.e., high, above-average, below-average, and low-risk
tolerance):

Question 1: Suppose that you are the only income earner in the family, and you have a

good job guaranteed to give you your current (family) income every year for life. You are

given the opportunity to take a new and equally good job, with a 50-50 chance it will double
your (family) income and a 50-50 chance it will cut your (family) income by a third. Would

you take the new job?
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If the answer to this question was ‘yes,’ the participant was then asked:

Question 2: Suppose the chances were 50-50 that it would double your (family) income,

and 50-50 that it would cut it in half. Would you still take the new job?

If the answer to the first question was ‘no,’ the participant was then asked:

Question 3: Suppose the chances were 50-50 that it would double your (family) income

and 50-50 that it would cut it by 20 percent. Would you then take the new job?
Study participants who answered ‘no’ to the first and third questions were classified as having a
low-risk tolerance. A participant who answered 'no' to the first question and 'yes' to the third
question was classified as having below-average risk tolerance. A participant who answered ‘yes’
to the first question and ‘no’ to the second question was classified as having above-average risk
tolerance. Those who answered ‘yes’ to the first and third questions were classified as having high-
risk tolerance. Beauchamp et al. (2017) estimated the reliability coefficient for the Barsky et al.
revealed-preference test using polychoric correlations. They estimated reliability to be
approximately .59, an estimate that falls below generally recommended scale design guidelines
(Nunnally & Bernstein, 1994), but is in alignment with the estimated reliability of the SCF stated-
preference question. The modal category across surveys was ‘below average’ in the first survey
and ‘low’ in the second survey.
Validity Check

The following question was presented in the second survey and used as a validity check
for the risk-tolerance measures:

“Suppose that you were to take a snapshot of your current financial position.

Approximately what percent of your total savings and investments are held in stocks or

other risky assets (e.g., equity mutual funds)?”
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Survey participants were asked to indicate their percentage answer, ranging from zero to 100%,
on asliding scale. It was hypothesized that risk-tolerance scores reported in the first survey should,
if valid, predict answers to this question in the second survey. On average, participants held
approximately 35% of their portfolios in equities (Mdn = 36%, SD = 27.31)
Control Variables

As discussed earlier in the paper, nine variables were controlled in the multivariate analyses.
The gender of survey participants was assessed by asking each participant to self-identify as male,
female, non-binary, or other. The sample included only males (coded 0) and females (coded 1).
Self-assessed financial knowledge was determined by asking, “How knowledgeable are you about
personal finance topics?” Participants were asked to indicate their knowledge from the following
five categories: (1) not knowledgeable at all, (2) slightly knowledgeable, (3) moderately
knowledgeable, (4) very knowledgeable, and (5) extremely knowledgeable. The modal category
was ‘moderately knowledgeable.” Household income was measured using a 12-point ordinal scale
with 1 = income less than $10,000 and 12 = more than $150,000. The modal category was $70,000
to $79,999°. Education was assessed using an ordinal scale ranging from 1 = some high school or
less to 6 = graduate or professional degree. The modal category was a ‘Bachelor’s degree.” Wealth
status was measured with the following item: “Think about what you own (assets) and what you
owe to others (debts and liabilities). If you sold everything you own and paid off all your debts,
how much would you have left over?” Participants were asked to select from the following five
options: (1) it would be a large negative number, (2) it would be a negative number, (3) neither
negative nor positive ($0), (4) it would be a positive number, and (5) it would be a large positive
number. The modal response was ‘it would be a positive number’ (4). Homeownership was coded

dichotomously with 1 = homeowner, otherwise 0. Self-identified race/ethnicity was assessed by
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asking each participant to self-report whether they affiliated as Caucasian/White, African
American/Black, Hispanic/Latino/Latinx, Native American, Asian or Pacific Islander, or other.
Responses were recoded dichotomously as follows: (a) Caucasian/White = 1 (used as reference
group), otherwise 0; (b) African American/Black = 1, otherwise 0; (¢) Hispanic/Latino/Latinx = 1,
otherwise 0; and (d) Other, including Native American, Asian or Pacific Islander, or other = 1,
otherwise 0. Age was measured categorically beginning at age 18 years (those age 85 or older were
used as the reference category). The modal age category was ‘45 to 54 years’. Marital status was
assessed using nominal categories ranging from never married to widowed/other. Data were coded
so that 1 = married, otherwise 0 and 1 = single, otherwise 0. The reference category was the other
classification that included separated, divorced, widowed, and other study participants.
Data Analysis Methods

Three statistical approaches were used to summarize and analyze the survey data. First,
sample descriptive statistics were calculated based on the first survey responses.'® This was
followed by a Spearman correlation analysis showing associations among the three risk-tolerance
measures across the first and second surveys. Finally, a series of ordinary least squares and ordinal
regression models were estimated to determine the strength of association between risk-tolerance
scores from the first survey to scores on the second survey and to determine how well risk-
tolerance scores from the first survey predicted portfolio equity holdings at the second survey. The

regressions were operationalized as follow.

Yir+1 = ao + a;Risk-Tolerance Score it+X;, b+ €141

16 Changes in respondent demographic characteristics (e.g., marital status, income, etc.) were evaluated over the two
periods. While some respondents did exhibit a changed situation, no significant changes across the sample were
noted.
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where Y is the risk-tolerance score or portfolio equity holdings, X is a vector of control variables
for individual i at time t, b is a vector of coefficients for the control variables, and ¢ is an error
term.
Results

As shown in Table 4.1, the sample was diverse in terms of gender, age, marital status,
homeownership, and race/ethnicity. In other respects, those in the sample exhibited relatively high
financial knowledge, financial satisfaction, household income, education, and wealth status. The
risk tolerance of survey participants fell in the average to the slightly below-average range. Scores
on the propensity measure were at the mid-point of the scale across both surveys. Stated-preference
scores were relatively stable across the surveys, with the majority of participants indicating below-
average or no risk tolerance. Greater variability in revealed-preference score distribution across
surveys was observed, with a shift occurring from above-average and high-risk tolerance to below-
average and low-risk tolerance.

Table 4.1. Sample and Variable Descriptive Statistics (N = 365)

Variable M SD  Percentage
1st Survey Propensity Risk Score 24.13 541
2nd Survey Propensity Risk Score 24.02 5.19
1st Survey Stated-Preference Risk Score
None 23%
Below Average 44%
Above Average 28%
High 9%
2nd Survey Stated-Preference Risk Score
None 22%
Below Average 46%
Above Average 27%
High 5%
1st Survey Revealed-Preference Risk Score
Low 40%
Below Average 32%
Above Average 17%

High 11%
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2nd Survey Revealed-Preference Risk Score

Low 44%
Below Average 35%
Above Average 9%
High 12%
Portfolio Equity Holdings 35.36  27.31
Gender
Male 49%
Female 51%
Subjective Financial Knowledge 318 1.04
Financial Satisfaction 6.78  2.47
Household Income 7.79 355
Education 4.45 1.39
Wealth Status 3.98 1.07
Homeowner 73%
Race/Ethnicity
White/Caucasian 69%
Black/African American 13%
Hispanic/Latinx 9%
Other Race/Ethnicity 9%
Age
18 - 24 7%
2534 12%
35-44 15%
45 - 54 22%
55— 64 19%
65 - 74 19%
75 or Older 6%
Marital Status
Single 33%
Married 54%
Other 13%

Data from Table 4.2 indicate that the associations among the risk-tolerance measurements,
across periods, was positive. Each measure was also positively associated with reported portfolio
equity holdings in the second survey. This suggests that the three measurement techniques appear
to offer some degree of predictive validity in relation to financial decision making, although it is
worth noting that the effect size of the relationship between revealed-preference scores and equity

holdings, while statistically significant, was not large (Kelley & Preacher, 2012). The correlation
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coefficients from the table can also be used to gauge the effect size of score associations across
the two periods (Cohen, 1992). The relationship between first and second survey propensity scores
was quite large. The effect size of the association between the first and second survey stated-
preference scores was also large. The effect size of the association between the first and second
survey revealed-preference scores was lower (i.e., a medium effect).

Table 4.2. Estimated Associations Between Risk-Tolerance Measures Across Periods

Variable 1 2 3 4 5 6 7
1. 1st Survey PS 1.00
2. 1st Survey SPS 537 1.00
3. 1st Survey RPS 36 237 1.00
4. 2nd Survey PS 74" 517 28" 1.00
5. 2nd Survey SPS 50" 59" 247 617 1.00
6. 2nd Survey RPS 247 AT 307 25T 157 1.00
7. Portfolio Equity Holdings AL 447 17T 497 487 117 1.00

Note. PS = Propensity Score; RPS = Revealed-Preference Score; SPS = Stated-Preference Score. *p < .05. **p <
.01.

Results from Tables 4.3 and 4.4 provide insight into the question that asked how stable is
risk tolerance across periods? Table 4.3 shows the relationship between the first survey propensity
scores and subsequent propensity risk-tolerance scores. The propensity model was statistically
significant, Fxzs. = 27.96, p < .001. The model explained approximately 61% of the variance in
propensity risk scores in the second survey (R?=.61). Risk tolerance from the first period explained
the greatest amount of explained variance in subsequent risk-tolerance scores. This indicates that
propensity scores were quite stable across the two periods. Other variables of significance in the
model included subjective financial knowledge (+), education (+), other race/ethnicity (+), and age

categories of 25 to 54 (+), and 75 to 84 (+).
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Table 4.3. Regression Showing the Strength of Propensity Scores in Predicting Subsequent
Propensity Scores

Variable b SE t
(Constant) 2.27 1.53 1.48
1st Survey Propensity Score 70" .04 18.07
Gender (0 = Male; 1 = Female) -.02 40 -.04
Subjective Financial Knowledge 43" 20 2.13
Financial Satisfaction -.14 .09 -1.63
Household Income .08 .07 1.11
Education 427 16 2.71
Wealth Status -.05 22 -.24
Homeowner .61 51 1.19
Black/African American 47 .58 81
Hispanic/Latinx -.37 .64 -.58
Other Race/Ethnicity 2.15™ .64 3.35
Age
18-24 1.61 1.05 154
25-34 2.52™" 94 2.69
35-44 2.00 .86 2.33
45 - 54 1.93" .82 2.35
55 - 64 1.45 .82 1.77
65 -74 .95 .82 1.17
75 -84 2.20" 1.07 2.06
Single -.24 .62 -.38
Married -.06 .58 -.10

Note. *p < .05. **p < .01.

Ordinal regressions were estimated to determine the association between stated- and
revealed-preferences and subsequent stated- and revealed-preference scores. The stated-preference
model was statistically significant, ¥ = 211.42, p <.001. The model explained approximately 47%
of the variance in subsequent stated-preference risk-tolerance scores (Negelkerke R? = .47). The
revealed-preference model was also statistically significant, 2 = 54.11, p < .001. However, the
model explained only 15% of the variance in subsequent revealed-preference risk-tolerance scores
(Negelkerke R? = .15). Table 4.4 shows the results from the regression analyses. The first panel
represents estimates for the stated-preference outcome, whereas the second panel represents

coefficients for the revealed-preference outcome. Stated-preference scores were positively
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associated with subsequent risk-tolerance scores, which provided evidence that stated preferences
were stable across periods. Other variables of importance in the model included being male (+),
subjective financial knowledge (+), and education (+). Only one variable was statistically
significant in the revealed-preference model: the first survey revealed-preference scores. The
relationship was positive, indicating some degree of stability across periods.

Table 4.4. Stated- and Revealed-Preference Regression Estimates Showing the Strength of Scores
in Predicting Subsequent Scores

Stated-Preference Score Revealed-Preference Score
Variable b SE t b SE t
(Constant) 17.21" 6.44 2.54 11.16" 4.98 1.06
1st Survey Score 1.58™ 16  103.08 .60 10  34.38
Gender (0 = Male; 1 = Female) -.56" 23 5.93 -.07 21 12
Subjective Financial Knowledge 30" 12 6.76 15 A1 1.94
Financial Satisfaction -.03 .05 44 -.06 .05 1.67
Household Income .00 .04 01 .04 .04 .87
Education 277 .09 8.70 .09 .09 1.21
Wealth Status A1 13 17 -.19 A2 2.48
Homeowner .33 .30 1.21 .38 .28 1.82
Black/African American .55 .33 2.75 A1 31 13
Hispanic/Latinx 27 .36 .55 -31 .35 75
Other Race/Ethnicity .02 37 .00 -.20 .35 31
Age
18 - 24 .20 .60 A1 -.16 57 .08
25-34 .07 53 .02 -11 51 .04
35-44 -.55 49 1.26 -21 46 .20
45 - 54 -.30 47 42 -.17 A4 14
55 - 64 -A47 47 .99 -.01 44 .00
65 -74 -.90 47 3.59 -12 A4 .08
75 -84 -.39 .61 40 .63 57 1.22
Single -.23 .36 40 34 .35 .96
Married 13 .34 .16 14 .33 .19

Note. *p < .05. **p < .01.

Table 4.5 summarizes the findings from the three regression models. The propensity
measure model was the most robust, explaining the greatest amount of variance in subsequent risk-

tolerance scores. The stated-preference model also offered a reasonably high degree of outcome
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explanation. The revealed-preference model was the weakest of the three estimations. A key
takeaway from the analyses was that across the variables of interest, first survey risk-tolerance
scores were the only common predictor of subsequent risk-tolerance scores. The table also
provides an answer to the second research question, which asked what factors can be used to
predict the subsequent risk tolerance of a financial decision-maker? Subjective financial
knowledge and education level were found to be positively associated with subsequent risk-
tolerance scores in the propensity and stated-preference models. Compared to Whites/Caucasians
and Blacks/African Americans, those from another racial or ethnic background exhibited greater
risk tolerance in the propensity model. Age was also found to be positively associated with risk
tolerance in the propensity model. Being male was observed to be positively associated with risk-
tolerance in the stated-preference model. None of the control variables in the revealed-preference
model were statistically significant.

Table 4.5. Summary of Explanatory Variables Across Measures when Predicting Subsequent
Scores

Propensity ~ Stated-Preference  Revealed-Preference
Variable Measure Measure Measure

1st Survey Risk Score + +
Gender (Males)

Subjective Financial Knowledge
Education

Other Race/Ethnicity

Age 2510 34

Age 35to 44

Age 45 to 54

Age 7510 84

R? 61 A7 15

Note. Plus sign (+) = positively associated with the subsequent risk-tolerance score.

+ + + +

+ + 4+ + + + +

Data in Table 4.6 offer answers to the research question that asked, which type of risk-

tolerance assessment method offers the best prediction power when describing portfolio choices.
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Model A shows that first survey financial risk-tolerance propensity scores positively predicted
second-period equity portfolio holdings. Among the variables in the model, the propensity
financial risk-tolerance score variable was the most important predictor. Household income and
subjective net worth were also found to be positively associated with future equity holdings.
Although the coefficients and effect sizes were different, the same pattern of prediction was noted
in relation to the stated-preference model (Model B in Table 4.6). Both models explained more
than 25% of the variance in second survey equity portfolio holdings. Model C shows the findings
from the revealed-preference model. While the first survey revealed-preference scores did
positively predict subsequent period equity portfolio holdings, revealed-preference scores were
less important than household income, education, and wealth status. This means that the predictive
validity of revealed-preference risk-tolerance scores was lower than that of propensity and stated-
preference scores. Overall, the revealed-preference model explained approximately 20% of the

variance in equity holdings.



Table 4.6. Relationship of Propensity, Stated-Preference, and Revealed-Preference Scores to Portfolio Equity Holdings

Variable A. Propensity B. Stated-Preference C. Revealed-Preference
Measure Measure Measure
b SE t b SE t b SE t
(Constant) -45.63™ 10.45 49 -27.33"  9.44 21 -18.36" 9.98 .30
1st Survey Risk Score 1.77" 27 .34 11.29™  1.58 35 2.95 1.32 A1
Gender (0 = Male; 1 = Female) .18 2.70 .00 - 74 266 -.01 -1.58 2.82 -.03
Sub. Financial Knowledge .20 1.38 .01 1.10 1.34 .04 2.44 1.40 .09
Financial Satisfaction .26 .58 .02 .67 .58 .06 .16 .61 .02
Household Income 1.06" 48 14 .93 48 12 1.36™ 51 18
Education 1.79 1.06 .09 1.73 1.06 .09 2.53" 1.11 13
Wealth Status 3.44" 1.48 14 3.66° 1.46 14 3.92" 1.55 15
Homeowner -.59 3.51 -.01 -1.39 3.49 -.02 49 3.69 01
Black/African American 1.53 3.94 .02 1.56 3.91 .02 1.07 4.15 01
Hispanic/Latinx 5.20 4.30 .06 2.46 4.27 .03 3.95 4.52 .04
Other Race/Ethnicity 1.75 4.39 .02 52 4.35 01 45 4.62 01
Age
18- 24 -6.85 7.16 -.06 -6.16 7.09 -.06 -6.57 7.53 -.06
25-34 1.21 6.38 .01 -1.44 6.31 -.02 -1.01 6.71 -.01
35-44 -2.60 5.86 -.03 -2.94 5,80 -.04 -6.28 6.14 -.08
45 - 54 3.86 5.62 .06 2.04 5.56 .03 21 5.90 .00
55 - 64 6.86 5.62 .10 5.17 5.56 .08 2.96 5.89 .04
65 -74 1.52 5.58 .02 .99 5.52 .01 -2.64 5.84 -.04
75 -84 6.74 7.32 .06 2.69 7.20 .02 .03 7.64 .00
Single 5.74 4,23 .10 2.16 4.22 .04 5.34 4.45 .09
Married 341 3.98 .06 .90 3.95 .02 2.21 4.19 .04
Fo0364=7.01"", R2 = .28 Foo36a = 7.44™, R%2 =29 Foo364=4.57", R2= .20

Note. *p < .05. **p < .01.
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Discussion and Implications

This study aimed to compare the three most commonly used risk tolerance assessment
methodologies in the marketplace: propensity, stated-preference, and revealed-preference
measurement. The goal was to provide financial professionals with a clear understanding of each
approach’s strengths and weaknesses to enable them to improve their skills when advising clients
more effectively. Three widely used research tools, each representing a specific measurement
approach, were assessed in relation to describing and predicting subsequent risk-tolerance scores
and portfolio holdings. The following three questions were asked: (a) How stable is risk tolerance
across periods; (b) What factors can be used to predict the subsequent risk tolerance of a financial
decision-maker; and (c) Which type of risk-tolerance assessment method offers the best prediction

power when describing portfolio choices?

Each of the measurement approaches exhibited consistency and stability across periods.
However, the propensity measure offered the greatest degree of inter-period stability, followed by
scores from the stated-preference measure. While the revealed-preference measure exhibited
relative stability, revealed-preference scores were the weakest. In this regard, findings from this
study support an assertion made by Frey et al. (2017) who argued that ... measures from the
propensity and behavioral measurement traditions cannot be used interchangeably to capture risk
preference” (p. 8). Correlations among the three measurement approaches were positive, but the

effect sizes of the associations ranged from relatively low to high.

Scores from each measurement approach were found to be predictive of subsequent risk-
tolerance scores. However, propensity and stated-preference scores were observed to provide a

more robust estimate of subsequent risk-tolerance scores compared to revealed-preference scores.
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Nonetheless, the tests did show relative stability across periods for the three approaches in
predicting future risk attitudes. Similarly, propensity, stated-preference, and revealed-preference
scores were found to be predictive of future period equity portfolio holdings. Again, propensity
and stated-preference scores provided a more complete picture when making predictions.
Household income, education, and wealth status were more important when predicting future
equity holdings compared to revealed-preference scores. In other words, gauging a financial
decision-maker’s income level, educational level, and/or wealth status appears to provide a more

robust indication of future equity holdings than a revealed-preference test score.

Of the other variables included in the models, financial knowledge and educational status
were important descriptors and predictors of subsequent risk-tolerance. Age, gender (i.e., being
male), and other race/ethnicity were also important in some of the prediction models. When
predicting future portfolio holdings, in addition to risk-tolerance scores, household income and
wealth status were important predictors. Education was significant in the revealed-preference
model only. When viewed holistically, these variables represent factors that lead to and support a
financial decision-maker’s degree of risk capacity (Hubble et al., 2020). As such, it is reasonable
to assume that the presence of risk capacity in one period, together with a willingness to take

financial risk, can be used to accurately predict future period portfolio choices.

Findings from this study can be used by researchers, financial advisors, and regulators
when thinking about the optimal way to evaluate a financial decision maker’s willingness to take
risks. The three measures used in this study are representative of what is currently offered by
vendors. Scores from the propensity measure were the most reliable, stable, and valid followed by
stated-preference and revealed-preference scores, respectively. When predicting future portfolio

holdings, propensity and stated-preference scores outperformed revealed-preference scores. In this
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regard, revealed-preference scores, while useful in predicting future investment behavior, were
less valuable than household income, wealth status, and education. These findings suggest that if
the intention underlying the use of a risk-tolerance assessment is to gain insights into subsequent
risk attitudes and investing behavior, a propensity or stated-preference methodology should be

given high priority.

As noted at the outset of this paper, regulators from North America, Europe, Australia/New
Zealand, and across Asia generally mandate that financial advisors assess the risk tolerance of
current and prospective clients. Regulators, however, do not prescribe how a financial advisor
ought to go about the measurement of risk. This explains the proliferation of financial risk-
tolerance assessment tools, techniques, tests, quizzes, and scales in the marketplace today.
Findings from this study provide independent empirical evidence to better understand the strengths
and weaknesses associated with propensity measurements, stated-preference assessments, and
revealed-preference tests. Results presented in this paper suggest that a propensity approach (i.e.,
a scale developed using psychometric principles) can be described as being fit-for-purpose if the
purpose of the assessment is providing an accurate insight into a financial decision maker's current
and future willingness to take a risk. Results also suggest that for those who need a quick and
simple indication of subsequent risk tolerance and portfolio allocation behavior, an appropriately
worded stated-preference item can be useful. Findings from this study also indicate that while still
valid in predicting subsequent risk tolerance and future behavior, scores from revealed-preference

tests are the least reliable and valid.
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Limitations

While this study fills a gap in the existing literature by following the propensity, stated-
preference, and revealed-preference risk tolerance of the same financial decision-makers across
periods, and shows that risk-tolerance scores from one period predict future risk tolerance and
portfolio choices, results do need to be evaluated in the context of certain limitations. To begin
with, the sample was small and likely not generalizable to the U.S. population. Future studies,
using larger and more diverse samples, are needed to replicate this study’s results. Related to this
is the possibility that the choice proxy measures might have influenced results. Had another type
of propensity, stated- and/or revealed-preference measure been used, the results might have
changed. Additionally, the timing of the study could have had an impact on the way survey
participants responded to questions. The initial and follow-up surveys were distributed during the
COVID-19 pandemic. Whether this health emergency altered the willingness of financial decision-
makers to take financial risk is a topic that warrants future study. Similarly, it is important to
acknowledge that the first survey was distributed before the contentious U.S. 2020 presidential
election. It is possible that the timing of the survey could have impacted participant preferences
and choices. Nonetheless, findings from this study do provide baseline, if exploratory, insights into
the stability of financial risk-tolerance across periods and the reliability and validity of commonly

used assessment techniques.
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CHAPTER 5
CONCLUSION

This dissertation is comprised of three papers to evaluate various aspects of financial risk
tolerance—one of the most significant input and output factors in personal financial planning. Each
of the papers presented in this dissertation focused on the relationship between risk tolerance and
risk-taking behavior, with each paper designed using various types of data from diverse sources,
including an experiment, nationally accessible data, and an online survey. Furthermore, the papers
utilized unique characteristics and different models appropriate for each data type. Although this
dissertation does not provide a comprehensive understanding of financial risk tolerance and risk-
taking behavior, the findings from the three papers, when viewed holistically, suggest that financial
risk tolerance plays a key role in understanding people's risk-taking behavior. The following
conclusion summarizes the important findings from the three papers. The chapter concludes with
a presentation of research implications and directions for future research.

Key Findings from Each Study

The first paper in this dissertation evaluated the relationship between brain wave patterns
and risk-taking behavior using a quasi-experimental methodology. Specifically, the study aimed
to answer the following research questions: (a) do measures of self-assessed financial risk-
tolerance and other personal characteristics correlate with engagement in risk-taking behavior, and
(b) can alpha, beta, and gamma waves be used to describe who is more or less likely to engage in
financial risk-taking decisions? The study’s results indicated that individuals with greater financial

knowledge and financial experience were more likely to take the offered risk, while those with
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greater willingness to take risks were more likely to engage in risk-taking tasks. However, the
study showed that alpha, beta, and gamma brain wave activations were not primarily associated
with risk-taking behavior. Instead, levels of financial knowledge, financial experience, risk
tolerance, and risk aversion were more closely associated with engagement in financial risk-taking
behavior.

The second paper aimed to investigate the relationship between household income, risk
tolerance, and tobacco and alcohol use among mid-life adults living in the United States, using
nationally representative survey data. Specifically, the study was designed to evaluate the
mediating effect of risk tolerance on the association between household income and tobacco and
alcohol use, and to explore how risk tolerance mediates the income effect for tobacco and alcohol
use. The study utilized data collected by the U.S. Bureau of Labor Statistics, which assessed risk
tolerance across seven domains of daily life, including driving, financial matters, occupational,
health, faith in people, romantic relationships, and major life changes. The results of the study
revealed that risk tolerance mediates the relationship between household income and tobacco and
alcohol use across the seven domains. Moreover, the study found that risk tolerance had a different
relationship in describing the income effect for tobacco and alcohol use. Specifically, risk tolerance
functioned as a suppressor variable, mediating the relationship between household income and
tobacco use to a greater extent than it did for alcohol use.

The third paper was designed to evaluate the effectiveness of the three primary risk-
tolerance assessment methods in describing the risk-taking attitudes and investment behaviors of
financial decision-makers across two time periods, using panel data collected via an online survey.
The three methods examined were propensity assessments, stated-preference assessments, and

revealed-preference assessments. The study results showed that the propensity measure provided
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the highest degree of consistency across the two time periods, whereas the revealed-preference
measure had the weakest consistency. Moreover, the propensity and stated-preference measures
provided more substantial predictive power for subsequent risk-taking attitudes and investment
behaviors. Furthermore, the study investigated the critical role of demographic variables such as
household income, education, and wealth status in predicting subsequent (i.e., post-test) risk
tolerance and future equity holdings compared to revealed-preference scores. Study results
indicated that these demographic variables play a more important role than revealed-preference
scores in predicting subsequent risk attitudes and future equity holdings.

Empirical Contributions

Findings from the three studies provide insight into the way risk-taking behavior is
conceptualized by financial decision-makers and ultimately described by researchers. Findings
show how the biopsychosocial causal model of risk-taking behavior, which served as the
theoretical framework for the second paper, can be expanded to describe multiple forms of risk-
taking behavior.

Irwin and Millstein (1986) proposed the biopsychosocial causal model of risk-taking
behavior to explain adolescent sensation-seeking behavior. The framework posits that a number
of factors act jointly to increase the likelihood of engaging in risk-taking behavior. Specifically,
the framework accounts for three types of factors: (1) predisposing endogenous factors, which are
unique characteristics to a person (e.g., age, gender, etc.); (2) predisposing exogenous factors,
which are behavioral influences arising from external sources (e.g., household income); and (3)
precipitating factors, which are psychological and social/environmental factors (e.g., risk tolerance,

risk aversion, etc.) that trigger or facilitate risk-taking behavior. Figure 5.1 shows how Irwin and



Millstein’s model can be adapted to describe risk-taking behavior exhibited at the household level.

Figure 5.1 includes the significant variables identified in the three dissertation studies.
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Figure 5.1 The Multi-Factor Model of Household Risk-Taking Behavior (adapted from Irwin &

Millstein, 1986).

As shown in Figure 5.1, across the three studies, several predisposing endogenous and
predisposing exogenous factors were associated with financial risk tolerance (i.e., a precipitating
factor) and risk-taking behavior. In Figure 5.1, risk-taking behavior (RTB) can be modeled as

follows:

RTB; = Bo+ Y=y Bop PreEnd; p+ Zf:l Ba,j PreExo; j+Ps  Yk=o PreRisk; , +;



96

where PreEnd represents predisposing endogenous factors, PreExo are predisposing exogenous
factors, PreRisk represents precipitating factors for individual i, and ¢ is an error term. Note that
when k = 0, there is no precipitating factor (e.g., risk tolerance, risk aversion, etc.) in the model.
In other words, the simplified model, as described in the second study, indicates a direct
relationship between predisposing factors and risk-taking behavior without the involvement of a
risk tolerance (i.e., mediator) variable.

In alignment with Irwin and Millstein (1986), the model in Figure 5.1 shows that risk-
taking behavior is associated with a variety of personal and environmental factors. The model also
illustrates that descriptions of risk-taking behavior are complex, with most descriptive variables
being interrelated and mediated through a financial decision-maker’s willingness to take a risk.

Findings from the first study show that the difference between a risk seeker and a risk
avoider can be explained by the person’s financial experience and financial knowledge (i.e.,
predisposing endogenous factors), and their willingness to take a risk (i.e., precipitating factors).
The person’s innate tolerance for risk (i.e., a predisposing trait-like factor) primes a financial
decision-maker to engage in a risk-taking task. Risk seekers appear to react with less cognitive
effort. Findings from the first study show that a risk seeker does not need to be as cognitively
engaged in the risk-taking decision process. Risk avoidance behavior, on the other hand, is
associated with elevated levels of brain activation, particularly among those with lower levels of
financial knowledge, financial experience, and risk tolerance. In order to encourage a risk avoider
to take a financial risk, it may be necessary to reduce stimuli and moderate cognitive responses.

Considering the second study, risk tolerance, as a precipitating factor—a personal or
environmental characteristic that either directly or indirectly influences behavior—acts as a

mediator between predisposing endogenous and exogenous factors and risk-taking behavior. As a
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mediator, risk tolerance changes the effect of certain predisposing endogenous factors and
predisposing exogenous factors as they relate to risk-taking behavior. Stated another way, while
predisposing endogenous factors and predisposing exogenous factors often directly relate to risk-
taking behavior, these same variables are also indirectly associated with risk-taking behavior
through risk tolerance.

The multi-factor model of household risk-taking behavior can serve as a useful tool for
financial planners, researchers, and policymakers when considering a client’s personal and
environmental characteristics during the data-gathering phase of the financial planning and
financial counseling process. Furthermore, the model also provides a framework for developing
research models and formulating policies aimed at influencing household risk-taking behavior. As
shown in Figure 5.1, risk tolerance, or a person’s willingness to engage in a behavior in which the
outcome is both uncertain and potentially negative, plays an important role in describing risk-
taking behavior. Risk tolerance, as a precipitating factor, acts directly on a financial decision-
makers’ intention to take risks as well as a mediator of factors related to the engagement in risk-
taking behavior. It is recommended that future research be conducted to more fully assess the
model shown in Figure 5.1.

Implications

Although framed with a personal finance and financial planning lens, findings from this
dissertation have implications for research, policy, and practice that extends beyond the domain of
financial planning. The three papers presented in this dissertation provide insights into the
relationship between financial risk-taking attitudes and risk-taking behavior, along with the way
certain personal characteristics are related to risk-taking behavior. The dissertation illustrates how

various data-gathering approaches, including experimental, secondary data, and primary panel
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online survey data methods, can be utilized to provide greater insight into how financial decision-
makers incorporate their willingness to take a risk into daily risk-taking behavior.

Findings from the studies comprising this dissertation can assist financial planners,
financial counselors, and financial professionals in evaluating clients' financial situations and
understanding financial matters in a way that allows financial advisors to make better-informed
recommendations as a pathway to helping clients reach their financial goals. Additionally, findings
from the studies can be applied to improve the way risk attitudes are evaluated and incorporated
into financial planning, policy, and research models that focus on risk-taking behavior.
Understanding individual decision-maker attitudes and behaviors, as well as the relationship
between the two, can aid in providing better financial advice and guidance, education planning,
and policy directives. The following discussion highlights how each paper can inform practice,
policy, and research.

Paper One

The first paper in this dissertation examined the use of personal characteristics, cognitive
activity (brain waves), and attitudinal factors in describing risk-taking behavior. Through the use
of an EEG methodology to measure cognitive activities beyond a survey response, which has yet
to be explored in the financial planning research area, this study expands the risk-tolerance and
risk-taking literature in a way that shows how cognitive variables, in addition to personal
characteristics, can be used to describe and predict behavior. When comparing the factors analyzed
between a risk taker and a risk avoider in financial risk-taking situations, the results of this study
suggest that risk-taking behavior is more closely associated with personal characteristics, such as
financial knowledge, financial experience, and financial risk attitude (i.e., risk tolerance and

aversion), rather than primarily brain wave activation. Additionally, brain wave activation
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resulting from engagement in a risk-taking task appears to be more directly in alignment with the
level of financial knowledge, financial experience, risk tolerance, and risk aversion exhibited by a
financial decision-maker.

The findings from the first study have several implications for those who provide financial
advice to others as a professional activity. When financial service professionals present risky
choices and options to clients, they should consider the financial knowledge and experience of
their client as key factors in recommending a choice for the client’s financial situation.
Furthermore, the level of the client's willingness to take a risk, as well as their unwillingness to
take a risk, should be considered when making a recommendation. Providing context for the
assortment of risky option alternatives appears to be an important element in guiding clients to a
meaningful choice. Regarding the study's methodology, results show that the use of EEG and brain
wave analyses has enormous potential as a clinical and research tool for better understanding risk-
taking behavior. The study showed that cognitive activations when facing financial choices
involving the possibility of uncertain gains and losses are important when describing financial
behavior (although it is important to note that factors such as risk tolerance do appear to prime
certain cognitive activations).

Paper Two

The second study presented in this dissertation examined the extent to which risk tolerance
serves as a mediator in the relationship between household income and tobacco and alcohol use.
This study makes a unique contribution to the literature on financial counseling and planning,
financial education, and financial therapy, as well as public policy, by exploring whether risk
tolerance, as a perception, attitude, or cognitive appraisal of risk, mediates the effects of income

on negative health behaviors. Although numerous studies have investigated the association
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between household income, risk-taking health behaviors, and risk tolerance, this study is distinct
in its use of mediation analysis, using risk tolerance as a mediator, to assess the unparalleled role
of risk tolerance in reducing negative behaviors that have a detrimental impact on people’s health.
Moreover, the study revealed the different roles of risk tolerance in describing tobacco and alcohol
use, further advancing the literature in the domains of financial counseling and planning, financial
education, financial therapy, and public policy.

The results of the second study in this dissertation have implications for financial planners,
financial counselors, financial therapists, and those involved in shaping public policy as results
provide a better understanding of the interconnections between health and personal finance
behaviors. As noted in the paper, health and financial issues are inherently intertwined, with
healthcare costs being a significant challenge for those tasked with the financial management of
households. Financial issues often also lead to health problems, particularly for those in low
socioeconomic situations. A key takeaway from the paper is that the use of personal financial
management tools can help reduce negative health behaviors and improve household financial
situations by reducing spending on tobacco and alcohol consumption, leading to improved health
behaviors and outcomes. In terms of improving someone’s negative health behaviors, it is more
important to utilize a person’s willingness to take risks, defined as their perception of risk, than to
explore their household income status, which may be more difficult to change than the perception
of risk, especially for those living in lower-income households. In other words, financial planners,
financial counselors, financial therapists, and policymakers can help those who smoke and drink
alcohol overcome problematic health behaviors by adopting risk education as a tool for cognitive

training to induce positive change related to health-related behaviors.
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Paper Three

The third paper in this dissertation was designed to address several gaps in the existing
literature on personal financial planning, specifically with regard to financial risk tolerance and its
relationship with investment behaviors. The study compared the consistency of three financial
risk-tolerance assessment methods primarily used by financial planners, financial counselors, and
other financial service professionals. The study examined the value of three risk-tolerance (risk
aversion) assessment methods across two time periods using panel data. The study also
investigated which assessment method was better for predicting investment behavior and risk
attitudes in a post-test follow-up. The study’s unique design, which relied on panel data, makes
significant contributions to the body of knowledge in personal financial planning by moving the
literature away from merely describing differences in assessment methodologies based on cross-
sectional data to the use of panel data.

Findings from this study have significant implications for financial planners, financial
counselors, and other financial professionals in relation to assessing a financial decision-maker’s
willingness to take risks. Measuring financial risk tolerance is a crucial element that needs to be
evaluated based on a targeted time and purpose. By providing a comprehensive assessment of the
strength and weaknesses of the three most commonly used financial risk tolerance methods in
personal financial planning, this paper provides evidence as to which assessment technique offers
the most robust level of predictive validity when working with financial decision-makers.

The study’s results suggest that the propensity measure exhibited greater consistency
compared to the other risk tolerance measures (e.g., stated-preference and revealed-preference
measures) across the two surveys. In addition, the propensity measure demonstrated stronger

predictive power in relation to subsequent risk tolerance and equity holdings. Considering the
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results, financial professionals seeking a consistent (i.e., reliable), valid, and predictive financial
risk-tolerance measurement method that provides essential insights into a financial decision-
maker’s future investment behavior should choose a propensity measurement tool. On the other
hand, if a quick and straightforward method of measuring a client’s financial risk tolerance is
required, a stated-preference measure can be used, as it requires a single question. It is essential to
note, however, that the stated-preference measure will almost always be less reliable and valid
over time compared to a propensity measurement. If a financial service professional is looking for
a tool that is closely related to economic theory, a revealed-preference measure can be used;
however, if a revealed-preference test is utilized, certain limitations must also be accepted,
including less reliable and valid scoring. Results from the study suggest that financial service
professionals should carefully consider the purpose when selecting a financial risk-tolerance
measurement method. They should also be aware of the strengths and weaknesses of each method
before selecting the most appropriate one for use in practice. By doing so, they can provide
valuable insights to their clients and make better informed financial decisions that enhance client
goal achievement.

Future Research Directions

There are several areas for future research that can build upon the work presented in this
dissertation. First, future research should consider employing larger and more diverse samples,
particularly in relation to experimental and direct survey data collection methods. Doing so will
make research findings more generalizable. Although the studies presented in this dissertation have
uncovered significant insights into the relationships between financial risk tolerance and risk-
taking behavior, larger samples are needed in replications to ensure that findings are generalizable

outside of what tend to be relatively homogenous subsets of the population (e.g., residents of small



103

communities, investors, etc.). Increasing sample diversity could be further enhanced through the
use of longitudinal studies. A longitudinal survey would allow researchers to examine whether the
results obtained in this dissertation hold over time. Longitudinal studies could also shed light on
how risk-taking behavior changes over longer periods, while also providing a platform to identify
factors that influence or cause changes in behavior that cannot be captured by a single survey or
experiment. Overall, such studies can provide more generalized insights and advance the field's
understanding of the complex relationships between financial risk tolerance and risk-taking
behavior.

Future research studies should also focus on developing comprehensive or multimodal
models for research. The studies in this dissertation offer a unique perspective on the relationship
between financial risk tolerance and risk-taking behavior. Building on the results and findings of
the studies in this dissertation, researchers can create more advanced models by incorporating other
variables that play different roles in describing a particular relationship or by utilizing various
research models to reflect more realistic situations in the daily lives of financial decision-makers.
Researchers can also use multimodal approaches for this purpose. For example, regarding the first
study in this dissertation, by utilizing multiple methodologies such as eye tracking, heart rate
variability, and fMRI, future research can compare results and justify findings in a more
generalized manner. This can also help researchers identify the key factors that influence or
interact with each other under realistic circumstances, thereby facilitating a better understanding
of risk-taking behavior, as well as providing better predictions of future behaviors.

Lastly, to gain a comprehensive understanding of people's risk-taking behavior across
diverse scenarios, it is essential to analyze and apply factors from various disciplines, such as

psychology, neuroscience, and economics. Understanding a given financial situation is not just
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one-sided. Instead, it requires incorporating various perspectives from different aspects using a
multidimensional viewpoint. Researchers can use the findings from the studies in this dissertation
as a guide to adopting an interdisciplinary approach when collaborating with experts in different
fields to gain a better comprehension of how behaviors are shaped and influenced. This can be
facilitated by using multiple theoretical and methodological lenses with multiple layers of analysis.
Conclusion

In conclusion, this dissertation contributes to the literature on financial planning, financial
counseling and education, and financial therapy by illustrating how different data collection
modalities and varying methodological tools and techniques can be used to frame research
questions related to the factors that are crucial in comprehending and describing risk-taking
behavior in their everyday lives of financial decision-makers. By acknowledging the relationship
and unique roles of numerous factors that are related to (and sometimes explain) risk-taking
behavior, financial planners, financial advisors, and other financial service professionals, as well
as researchers and policymakers, can take evidence-based steps in understanding their clients’
circumstances, analyzing financial matters, and providing the most appropriate recommendations

to achieve a client’s financial goals throughout the financial planning process in an effective way.
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